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ABSTRACT

The concerted effort to characterize the contribution of inherited variation to human health
and disease through genome wide association studies (GWAS) has promised to increase our
understanding of the diverse molecular pathways underlying specific human traits, as well
as yield clinically actionable findings that would prove useful in estimating disease risk and
designing personalized therapeutic approaches. However, it has become evident in recent
years that further work is needed in order to harness the biological and translational potential
of GWAS findings.

One approach to glean further insight from GWAS stems from the seminal discovery that
trait-associated SNPs are enriched for expression quantitative trait loci (eQTL), highlight-
ing an important mechanism by which SNPs influence traits, i.e. through modulation of
gene transcript levels. Similarly, valuable insight into biological mechanisms can be gained
through expanding eQTL studies to include genetic regulation of non-coding RNA levels,
whose inter-individual variation, like gene expression, has been shown to impact on complex
diseases.

Here we identified a large collection of distant miRQTL (391) and replicated with 26% p
< 0.05 and 98.5% allelic concordance (67 of 68 SNPs) in an independent cohort. Anal-
ysis of genomic properties of replicated miRQTL reveal strong enrichment for mapping
within ENCODE-annotated functional elements. In-silico analysis using replicated distant
miRQTL reveal local mRNA expression quantitative trait loci (eQTL) putatively regulating
microRNA abundance. Mediation analysis and association testing between microRNA and
mRNA confirms HEXIM1as a putative regulator of hsa-mir-185-5p levels. These results
highlight a potential novel mechanism of long-range regulation of microRNA abundance,
providing valuable insight into the biology underlying complex traits.

A second approach to transform GWAS findings into clinically relevant tools is based on
developing and applying statistical prediction methods to existing GWAS information. These

x1



approaches have the potential to translate genetic data into clinically relevant predictions
of risk. It is these high-confidence predictions of complex traits such as disease risk or drug
response that will fulfill the goal of personalized medicine.

Therefore we proposed a novel systems approach to complex trait prediction, which
leverages and integrates similarity in genetic, transcriptomic or other omics-level data. Us-
ing seven disease datasets from the Wellcome Trust Case Control Consortium (WTCCC),
we show that OmicKriging has important translational potential. In addition, we built
a statistical-learning machine, which integrates large-scale whole-genome data to predict
bevacizumab-induced hypertension in cancer patients. We found that incorporating primary
genetic as well as clinical trial data into our model significantly improves prediction and
therefore should motivate the use of such large-scale whole-genome predictors in a clinical
setting. Taken together, these approaches utilize novel methodology as well as publicly avail-
able datasets to yield valuable mechanistic insight into genetic regulation of complex traits,

and provide genetic tools for clinical implementation.
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CHAPTER 1
INTRODUCTION

The principal goal of genetic medicine is to provide biological insight which will lead to
improved patient care by uncovering genetic mechanisms that underlie human phenotypic
variation. Many phenotypes follow simple patterns of genetic inheritance, as discovered
by Gregor Mendel and are more recently studied using family based models[58]. Notable
successful family based studies have identified genes linked to human diseases, ranging from
cystic fibrosis to breast cancer|[6, 36]. However many common traits including various cancer
types, type 2 diabetes and height cannot not be explained solely by simple patterns of
inheritance[43]. Known as complex traits, they typically involve environmental factors and
complex genetic architectures that make the process of elucidating their genetic mechanisms
particularly challenging.

Since the completion of the human genome project, a comprehensive catalog of ge-
netic polymorphisms has enabled researchers to systematically identify genome-wide complex
trait-associated-loci through genome wide association studies (GWAS)[113, 55]. GWAS have
enjoyed a tremendous success having identified 19,603 trait-associated-loci to date[118]. Fur-
thermore GWAS have revealed that often complex traits are influenced by many genetic loci
of small effect rather than a single locus of large effect as is characteristic of Mendelian
traits[72]. GWAS have also highlighted key mechanistic differences between Mendelian and
complex trait-associated-loci by showing that unlike protein-altering Mendelian loci, the
majority of complex trait-associated-loci are intronic or intergenic[118, 23]. This motivated
the field of human genetics to investigate the genetic mechanisms underlying complex traits,
which resulted in the foundational understanding that complex trait-associated-loci are more
likely to be gene expression quantitative trait loci (eQTL)[78]. This finding suggested that
complex trait-associated-loci influence traits by altering gene expression levels, which ulti-

mately alter phenotypes.



In contrast to simple Mendelian traits, the identification of complex trait-associated-
loci yielding clinically actionable information has been far more limited. An exception is
the field of pharmacogenomics, which has been successful at identifying trait-associated-
loci of modest effect[121, 14]. However replication of pharmacogenomic trait-associated loci
remains limited[50] These associated loci often influence drug response through biological
pathways involved in drug action or metabolism and therefore yield mechanistic insight as
well as clinical impact[121]. By comparison prevention and early treatment of common
complex diseases such as cancer and type 2 diabetes aided by GWAS have been far less
effective. This is largely due to trait-associated-loci accounting for a small proportion of the
phenotypic variance. For example, type-2 diabetes-associated loci account for only ~10% of
the phenotypic variance. Conversely twin and family studies suggest that the proportion of
phenotypic variance accounted for by additive genetic effects should be significantly larger.
This discrepancy is know as the problem of missing heritability[72]. Larger GWAS sample
sizes may improve this estimate, for example Park et al suggest that very large samples (~ 1
million) will be required to close this gap[84]. However with recent development of powerful
statistical learning tools[17, 1], clinically relevant patient predictions despite small GWAS
sample sizes are becoming a reality.

The work presented in this thesis is connected through the goal of advancing our un-
derstanding of clinically relevant biology through genetic and statistical methodologies. To
that end, this thesis is comprised of individual chapters that specifically focus on the identi-
fication of genetic mechanisms that may ultimately benefit patient care, the development of
novel methodologies for genetic medicine, and the applications of existing statistical learning
methodologies motivating their use in the clinic. Chapter 2 focuses on microRNA quantita-
tive trait loci mapping in the Framingham Heart Study cohort with replication in Geuvadis
cohort. Chapter 3 develops the extension of Kriging for genetic medicine. Chapter 4 applies

statistical learning methods to predict bevacizumab induced hypertension in clinical trials



cohorts.

Our current understanding of the genetic mechanisms underlying regulation of microRNA
in humans is limited. To date only a handful of studies have identified miRQTL loci, the
vast majority of which have been local associations. While previous studies have reported
miRQTL, none have been replicated and little focus has been on distant genetic regulation.
To address these gaps in knowledge we conducted miRQTL mapping using the Framingham
Heart Study cohort (n=5134) individuals using 180 microRNA and 2 million HapMap 2
imputed genotypes. We identified a large collection of distant miRQTL (391) and replicated
with 26% p < 0.05 and 98.5% allelic concordance (67 of 68 SNPs) in an independent cohort.
Analysis of genomic properties of replicated miRQTL revealed strong enrichment for mapping
within ENCODE-annotated functional elements compared to an empirical null distribution.
In-silico analysis using replicated distant miRQTL revealed local mRNA expression quan-
titative trait loci (eQTL) putatively regulating microRNA abundance. Mediation analysis
and association testing between microRNA and mRNA confirmed HEXIMIas a putative
regulator of hsa-mir-185-5p levels. These results highlight a potential novel mechanism of
long-range regulation of microRNA abundance, providing valuable insight into the biology
underlying complex traits, discussed in Chapter 2.

Chapter 3 focuses on the systematic integration of high-throughput biological technologies
for clinical application by predicting individual patient disease risk. Specifically, in chapter
3 we extend a statistical framework, Kriging to the setting of genetic medicine. Kriging
is a method from geospatial statistics that interpolates missing measurements by distance
weighted average of the surrounding observations. We show that this approach has strong
clinical potential when combined with several sources of high-throughput data (microRNA,
mRNA, genotype). Furthermore we show that the method can be universally and flexibly
applied to complex traits of varying genetic architectures.

The motivation behind this approach was to develop a approach to predicting complex



traits using multiple levels of omic data while simultaneously remaining fast and scalable.
This approach was contrasted to several Bayesian approaches to complex trait prediction
which attempted to learn polygenic and sparse genomic architectures. The Bayesian ap-
proaches often provided excellent prediction performance when restricted to SNP genotype
data and immune mediated traits. Nevertheless these approaches typically used algorithms
that required tremendous compute times to converge.

This prompted us to develop a flexible, scalable and universal tool for prediction of
complex traits. Intuitively our method OmicKriging interpolates a missing data point, for
example rainfall at a given weather station by weighted average of the rainfall at the sur-
rounding weather stations. In this example, the weight is determined by euclidean distance
to the missing weather station. In OmicKriging, we translate this concept to the goal of
predicting a missing phenotype by weighted average of the other phenotypes in the cohort.
Analogously, our average is weighted by distance similarity by genotype. Importantly, we
show that we can achieve comparable results to Bayesian approaches with runtime on the
order of minutes rather than hours. Our approach using OmicKriging is also external-data-
integrative as we show that substantial prediction performance can be achieved by allowing
genome-wide significant loci identified in previous studies to take equal weight with the rest
of the genome. Finally, we provide an R package that allows researches to easily apply
OmicKriging.

In Chapter 4 we focus on developing methodologies to predict bevacizumab induced
hypertension also referred to as provocative hypertension. Bevacizumab in a monoclonal
antibody that inhibits VEGF formation. It is used for the treatment of several cancer types
including colorectal, lung, renal, ovarian, and glioblastoma multiforme. Grade 2/3 hyperten-
sion is a common side effect seen in approximately 15% of patients undergoing bevacizumab
therapy. Interestingly Saif et al found that pre-existing hypertension does not predispose

patients to grade 2/3 hypertension seen with bevacizumab treatment[93]. Therefore in this



chapter we focus on applying existing methodologies that have had tremendous success in
the statistical/machine learning community to improve our understanding and demonstrate
clinically relevant prediction of bevacizumab induced hypertension using clinical trial co-
horts.

Here we specifically utilized clinical trials cohorts CALGB 80303 and 90401. CALGB
80303 is a randomized double-blind, placebo-controlled phase III trial of gemcitabine with
bevacizumab versus gemcitabine with placebo, while CALGB 90401 is a randomized, double-
blind, placebo-controlled phase III trial comparing docetaxel and prednisone with or without
bevacizumab in men with metastatic castration-resistant prostate cancer. Importantly we
show that the use of external sources of data provide relevant feature information for pre-
diction.

To do this we used XC-Pleiotropy primary hypertension data to predict grade 2/3+
provocative hypertension in CALGB 80303 (AUC = 0.61 for grade 3+). This performance
result is comparable to prediction of primary hypertension observed in Chapter 3. We built
a statistical learning machine using CALGB 90401 as training data to predict in CALGB
80303. We show that the LASSO, a statistical method ideally suited for high-dimensional
underdetermined systems of equations, is capable of significant prediction performance in
CALGB 80303 (AUC = 0.6 for grade 3+). We show that an ensemble approach which
combines LASSO with an additional statistical learning approach called random forest im-
proves prediction in CALGB 80303 (AUC=0.68). Finally we show that the combination
of models built with CALGB 90401 and XC-Pleiotropy primary hypertension data perform
significantly better than either alone (AUC=0.71).

Therefore we highlight that large scale meta-analysis of primary hypertension cohorts are
directly and non-redundantly capable of significantly predicting hypertension and improving
prediction performance of hypertension in combination with other sources of data. We show

clinical relevant prediction performance (AUC = 0.71) which should motivate the use of



statistical learning approaches to identify and monitor patients at risk of hypertension while
undergoing bevacizumab therapy. Importantly we highlight the secondary utility of the vast

amount of GWAS level data in improving clinically relevant predictions.



CHAPTER 2
THE GENETIC LANDSCAPE OF DISTANT MICRORNA
REGULATION

Abstract

Distant genetic regulation of microRNA remains poorly understood, with only a handful
of distant microRNA quantitative trait loci (miRQTL) reported, none of which have been
replicated in an independent cohort. Here we identify a large collection of distant miRQTL
(391) and replicate 26% at p < 0.05, with 98.5% allelic concordance (67 of 68 SNPs) in
an independent cohort. Analysis of genomic properties of replicated miRQTL reveal strong
enrichment for mapping within ENCODE-annotated functional elements. In-silico analy-
sis using replicated distant miRQTL reveal local mRNA expression quantitative trait loci
(eQTL) putatively regulating microRNA abundance. Mediation analysis and association
testing between microRNA and mRNA confirms the RNA polymerase II transcription in-
hibitor HEXIM1as a putative regulator of hsa-mir-185-5p levels. These results highlight
a potential novel mechanism of long-range regulation of microRNA abundance, providing

valuable insight into the biology underlying complex traits.

Introduction

The concerted effort to characterize the contribution of inherited variation to human health
and disease through genome wide association studies (GWAS) has promised to increase our
understanding of the diverse molecular pathways underlying specific human traits. However,
it has become evident in recent years that further work is needed in order to harness the
biological and translational potential of GWAS findings.

One approach to glean further insight from GWAS stems from the seminal discovery that



trait-associated SNPs are enriched for expression quantitative trait loci (eQTL) [78, 119,
126, 4], highlighting an important mechanism by which SNPs influence traits, i.e. through
modulation of gene transcript levels. Valuable insight into biological mechanisms can be
gained through expanding eQTL studies to investigate genetic regulation of non-coding RNA
levels, whose inter-individual variation, like gene expression, has been shown to impact on
human health and disease[38, 66, 64, 97].

MicroRNAs are small non-coding RNAs that play important gene-regulatory roles by
sequence-specific pairing to the mRNAs of protein-coding genes to direct their post tran-
scriptional repression [2, 3, 57]. As such, microRNAs coordinate normal developmental and
physiological processes [8, 52, 9], including cellular proliferation, differentiation and apopto-
sis, and their aberrant expression or alteration contributes to a range of human pathologies,
including cancer [68, 82, 39].

Several microRNA QTL-mapping studies have identified genetic variants associated with
microRNA expression [5, 85, 30, 10, 59, 46]. Many of these studies reported that microRNA
QTL may constitute eQTLs for target gene transcripts [30, 59], and identified several mi-
croRNA QTL as trait-associated variants [30, 46|, suggesting that microRNA QTL mapping
is a valuable tool to dissect genetic mechanisms underlying gene regulation. However, the
identification of distant microRNA QTL has only begun to be investigated, with few as-
sociations reported [59, 30, 5|, likely owing to small sample sizes and the multiple-testing
burden. Furthermore, evidence for replication of distant microRNA remains elusive. The
identification and replication of distant eQTLs as important regulators of gene expression in
other studies motivates a similar endeavor for microRNA QTL [119].

In this study, we identify the largest collection of microRNA QTL to date, with over a
quarter of distant associations replicating with near perfect concordance. We further char-
acterize the genomic features of microRNA QTL, as well as microRNA-mRNA interactions

and reveal a potential novel mechanism of long-range microRNA regulation.



Results

Genome-wide miRQTL analysis

To improve statistical power to detect microRNA-associated variants (miRQTL), we per-
formed a miRQTL mapping analysis in 5,135 peripheral blood samples from the Framingham
Heart Study (FHS), and replication analysis on lymphoblastoid cell lines derived from 331
individuals of European descent in the Geuvadis Consortium. Several methods that estimate
global confounding factors in eQTL studies have been convincingly shown to increase the
number of reproducible eQTL associations[62, 99]. These methods build on factor analysis
approaches to identify and subsequently correct for variation other than genotype. The more
recently developed probabilistic estimation of expression residuals (PEER) factor analysis
identifies a small number of factors for each sample and assumes each factor is relevant
across the transcriptome[100]. Therefore to correct for confounding sources of variation, we
incorporated PEER factor analysis.

In the discovery dataset we identified 1,665 SNP-microRNA associations (distant and
local) corresponding to 1,228 SNPs and 79 microRNA (FDR < 0.05). Of these 1,665 we
identified 391 distant (trans-chromosome) miRQTL (FDR < 0.05) (Figure 2.1A-B and Sup-
plementary Table 1), corresponding to 356 unique SNPs and 53 unique microRNAs. We
observed well-calibrated type I error rates with a genomic control factor of 1.02 (Figure
2.1A). We verified that top association results remain substantively unchanged when mixed
effects models were used to adjust for family-relatedness.

To assess reproducibility of the detected distant miRQTL, we replicated distant miRQTL
from our discovery cohort in our independent Geuvadis dataset (n=331). Despite tissue dif-
ferences and vastly smaller sample size, over a quarter (26.5%, p < 0.05) of distant associa-
tions replicated (Figure 2.2C-D and Supplementary Table 2), with 98.5% (67 of 68) showing

concordant allelic direction of effect in the replication cohort compared with the discovery
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Figure 2.1: Discovery of distant miRQTL A) QQ-plot of all tested SNP-MircroRNA
pairs in FHS. We observed well controlled genomic inflation (A = 1.02) B) Manhattan plot
of FDR < 0.05 distant miRQTL in FHS.

analysis (Supplementary Figure 1). These results suggest that distant genetic regulation of
microRNA expression is far more widespread than previously recognized (Borel 2011, Huan
2015).

We examined the genomic properties of the identified distant-miRQTL variants utilizing
ENCODE annotation. We found that these SNPs were significantly enriched for mapping
within protein binding sites (ChIP-seq) and open chromatin (DNAse-seq, FAIRE) (p = 5e-3,
p = 3e-3 respectively) (Fig. 3A-B). Additionally we found using HaploReg that miRQTL
were enriched for being located within myeloid derived K562 cells specific histone enhancers
regions (fold change 5; Fig. 3C), compared to the enhancer regions observed in three non-
blood cell lines[117]. Enhancer enrichment within myeloid cells is consistent with detection
of blood-derived distant miRQTL.

Given that these SNPs were enriched for mapping within functional elements, we hy-
pothesized that distant miRQTL influence expression of microRNA through modulation of

expression levels of a local transcript, whose gene product may influence microRNA abun-
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Figure 2.2: Replication of distant miRQTL results A) QQ-plot of all tested SNP-
MircroRNA pairs identified in the discovery cohort. B) Manhattan plot of p < 0.05 distant
miRQTL.
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Figure 2.3: Replicated distant miRQTL are enriched for ENCODE annotations
We created n=1000 bins of minor allele frequency (MAF) matched SNPs to the 67 replicated
distant miRQTL. For each bin, we counted the number of genomic features and compared
the result to the that found with the replicating miRQTL. A) Replicating distant miRQTL
were more likely to be functionally annotated as protein binding (ChIP-seq) B) Replicating
distant miRQTL were more likely to be functionally annotated to regions containing open
chromatin (DNAse-seq, FAIRE) C) Using HaploReg we found that miRQTL were enriched
for being located within myeloid derived K562 cell specific histone enhancers regions.

11



dance. Evidence that distant QTL act through regulation of local transcripts has previously
been provided [86]. To this end, we performed eQTL mapping restricting to the 67 repli-
cated miRQTL SNPs using the FHS dataset. We identified 493 local (cis-chromosome)
eQTL associations (FDR < 0.05) for 35 of the 67 tested SNPs which corresponded to 18
transcripts (Table 2.1, Supplementary Table 3). These 35 eQTL corresponded almost en-
tirely to miRQTL for hsa-miR-185-5p (490 of 493 SNP-transcript pairs). Furthermore 16 of

18 eQTL-associated transcripts were expressed on chromosome 17.
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We reasoned that a microRNA distantly regulated through local transcript eQTL should
show evidence of association with the corresponding local mRNA transcript. Therefore we
tested the association between the 18 local eQTL-associated mRNA transcripts and the
three microRNA associated with the 35 miRQTL. We identified five significantly associ-
ated transcript-microRNA pairs (FDR < 0.5), corresponding between transcripts, SLC4A1,
MYL/J, FAM104A, HEXIM1, TP63, LRRC75A-AS1 and microRNA hsa-miR-185-5p and
hsa-miR-183-3p (Supplementary Table 3). TP63 was the only transcript associated with
hsa-miR~183-3p.

To strengthen the support for the hypothesis that distant miRQTL hsa-miR-185-5p,
hsa-miR-183-3p and hsa-miR-192-5p are acting through regulation of local transcripts, we
performed mediation analysis using the 35 loci, 18 transcripts and 3 microRNA previously
identified. We found that four transcripts MYL/, HEXIMI1, TNS1 and AP2B1 reported
Sobel p-values < 0.05 (FDR < 0.03) supporting the hypothesis for mRNA transcript me-
diated microRNA abundance (Table 2.2, Supplementary Table 3). Interestingly, we found
that HEXIM1 showed a negative direction of effect with hsa-mir-185-5p expression suggest-
ing the possibility of a novel function for HEXIM1 as a microRNA repressor. Over all tests,
HEXIM1 presented the strongest evidence of being a locally regulated mRNA transcript
that influences microRNA abundance as it was the only transcript that showed evidence of

transcript-microRNA association (p < 0.05) and mediation (p < 0.05).

Discussion

MicroRNAs are important, evolutionarily conserved, regulators of gene expression and trans-
lation. Improving our understanding of genetic mechanisms impacting on microRNA abun-
dance is key to elucidating cellular and physiological processes. Previous studies have demon-
strated that common genetic variants influence differences in microRNA levels between in-

dividuals, however, they were primarily focused on local regulation. Our study aimed to
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Table 2.2: Mediation analysis of lead SNP-transcript pairs

SNP miR Gene Sobel Z  Sobel P
rs4795456  hsa.miR.185.5p MYIL4 2.217 0.027
rs4795456  hsa.miR.185.5p HEXIM1 1.985 0.047
rs13019832 hsa.miR.192.5p TNS1 1.976 0.048
rs4795456  hsa.miR.185.5p AP2B1 -1.909 0.056
rs9310736  hsa.miR.183.3p TP63 -1.600 0.110
rs901975 hsa.miR.185.5p GID4 -1.578 0.115
rs4795456  hsa.miR.185.5p SLC4A1 -1.463  0.143
rs4795456  hsa.miR.185.5p LRRC75A-AS1 1.315 0.189
rs901975 hsa.miR.185.5p SLC25A39 -1.207  0.227
rs4795456  hsa.miR.185.5p MAP2K3 -1.083  0.279
rs13019832 hsa.miR.192.5p RPIA -1.039 0.299
rs4795456  hsa.miR.185.5p FAMI104A 0.917 0.359
rs4795456  hsa.miR.185.5p RAB34 0.736 0.462
rs4795456  hsa.miR.185.5p UBE20 0.731 0.465
rs901975 hsa.miR.185.5p TIAF1 0.716 0.474
rs901975 hsa.miR.185.5p PCTP 0.390 0.696
rs4795456  hsa.miR.185.5p ALOX15 -0.352  0.725
rs4795456  hsa.miR.185.5p FAM222B 0.131 0.896

elucidate putative genetic mechanisms governing distant regulatory biology of microRNA
expression. We systematically examined the distant regulatory landscape of microRNAs by
expanding on the largest miRQTL study to date and taking advantage of recent methods
that effectively correct for unmeasured confounding factors.

Our in silico analyses suggest novel regulatory mechanisms for microRNA regulation. We
identified putative local regulators of mRNA gene expression which subsequently may regu-
late distant microRNA. HEXIM1 provided the strongest evidence for being such a regulator
as it showed association between hsa-mir-185-5p (p < 0.05) and mediation analysis confirmed
it as a putative mediator (p < 0.05). HEXIMI is a transcriptional regulator that acts to
inhibit RNA polymerase II transcript elongation by sequestering the P-TEFb complex[16].
Importantly HEXIM1 is a double strand-RNA binding protein that canonically works in
concert with 7SK snRNA[63]. Experimental evidence suggests that its regulatory roles may

be diverse, possibly regulating transcriptional activity of NF-kappa-B, ESR1, NR3C1 and
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CIITA[54, 94, 124, 76, 130, 77, 83]. As HEXIMI1 is a key regulator of RNA polymerase 11, a
protein shown to elongate microRNA transcripts[61], it may thus be a regulator of hsa-mir-
185 through inhibition of transcriptional machinery. Alternatively, Li et al. tested whether
HEXIM1 was capable of binding microRNA in vitro[63]. They found that the microRNA
they tested (miR-16-1) could be detected in HEXIM1 immunoprecipitates. The authors did
not detect the pre-mir-16-1 version in their immunoprecipitate which lead them to speculate
that HEXIM1 may bind double stranded microRNA intermediates. Intermediate double
stranded microRNA bound to HEXIM1 could reduce the availability of downstream mature
microRNA products. Taken together, our analytical results suggest a negative regulatory
role for HEXIM1 in modulating microRNA levels, either through its effects on transcription,
or through its ability to bind short RNA molecules.

Albeit with weaker analytical support (transcript-miR p < 0.05, mediation p = 0.1),
we observed an intriguing association between hsa-mir-183-3p and T'P63. TP63 encodes the
protein P63, which has been shown to have complex regulatory interactions with microRNA,
as some microRNA regulate TP63 and P63 directly regulates microRNA processing compo-
nents Dicer and DGCRS. The existence of evidence directly implicating TP63 in microRNA
regulation supports our in silico analyses pointing to its potential role in modulating hsa-
miR-183 abundance.

In addition, the 35 miRQTL distantly associated with microRNA are entirely contained
either within or near the gene FAMZ222B and FRALI. ERALI itself is an RNA binding
GTPase that has been shown to bind a 33 nucleotide region of 12S mitochondrial rRNA
(12S mt-rRNA)[22]. X-ray crystallography of the ERAL1 E. coli ortholog ERA revealed
a KH-domain as the functional RNA binding region[107, 106]. Single strand binding KH-
type proteins such as KHSRP and IGF2BP1 have been shown to play a role in microRNA
biogenesis and a variety of microRNA mediated cellular processes[108]. While the structure

of ERAL1 in humans remains unresolved, it may share homology with human microRNA
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binding proteins which could influence microRNA processing and abundance.

In closing, our findings support the idea that comprehensive miRQTL mapping can pro-
vide valuable insight into genetic mechanisms underlying distant regulation of miRQTL,
thereby impacting on our understanding of gene regulation and associated phenotypes. This
finding has the ability to expand and enrich our understanding of the mechanisms governing

microRNA and mRNA transcript abundance.

Methods and Analysis

Data Acquisition and microRNA expression profiling and genotyping

MiRNA expression levels were downloaded from dbGaP (phs000007.v21.p8, phs000007.v21.p8).
Prior to data posting on dbGaP, microRNA expression profiling and genotyping were as de-
scribed in the methods section of Huan et al. 2015[46]. Therefore we briefly describe the
enrollment, genotyping and microRNA profiling. This study leverages the offspring cohort
(n=2,272) and the third generation cohort (n=3057) of the original FHS cohort which began
enrollment in 1948. Whole blood was collected from study participants using the PAXgene
Blood RNA tubes and RNA was extracted using a PAXgene Blood RNA extraction kit. A
2100 Bioanalyzer Instrument was used to evaluate RNA quality. The RNA samples were
then converted to complementary DNA (¢cDNA) with a TagMan microRNA Reverse Tran-
scription Kit MegaPlex Human RT Primer Pool Av2.1 and Pool Bv3.0. TagMan PreAmp
Master Mix and PreAmp Primers, Human Pool A v2.1 and Pool B v3.0 kits were used for
PreAmplification. Subsequently the PreAmplified cDNA samples were run on a Fluidigm
BioMark System with TagMan microRNA Assays. The Affymetrix GeneChip Human Map-
ping 500K Array and the 50K Human Gene Focused Panel were used to obtain results for
9,274 unique FHS participants, including 1,529 original cohorts, 3,753 offspring, 99 offspring

spouses, and 3,893 third generation participants. Genotypes were called using the BRLMM
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algorithm and imputed to HapMap 2 using MACH.

Reproducibility

Our analysis aims to be fully reproducible. All code used for quality control and analysis can
be found on github at https://github.com/hakyimlab/ERALI which will allow for detailed

evaluation and reproduction. Full data sets will require dbGaP access.

microRNA Analysis Quality Control

To increase power to detect distant regulatory associations we removed microRNA that were
expressed in less than 50% of the individuals (n=>5434). This resulted in 202, expressed in
over 50% of the individuals (Supplementary Figure 2). For the raw cycle threshold (CT)
matrix, we imputed data which were missing for CT values greater than 27 by sampling
uniformly real numbers between 27 and 35. We then converted CT values to interpretable
expression value by subtracting 35 from all CT (Supplementary Figure 3). We then log2
transformed the data. The imputed expression matrix was used for the calculation of PEER
factors exclusively. The statistical models using microRNA expression were all fit with
missing=NA for missing expression values.

It is well established that expression profiling captures sources of variation other than
genotype[99]. For example technical sources may contribute to variation in microRNA con-
centration values among individuals. Examples of sources include (i) RNA isolation batch,
(ii) RNA quality, (iii) RNA concentration, and (iv) 261/280 ratio. Furthermore there may be
unknown and potentially unwanted factors captured in the expression data. Accounting for
these factors has been shown to improve detection of genotype-expression associations[99].
In contrast to Huan et al, we adjusted for unwanted variation using PEER factors, which
has been shown to increase the power to detect eQTL, a property that logically extends to

miRQTL. We used 40 factors consistent with the large scale distant-eQTL mapping study
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by Westra et al. [119].

Genotype Analysis Quality Control

Starting with imputed genotypes obtained from dbGaP, we removed SNPs that were missing
in more than 5% of the individuals and excluded individuals missing over 5% of their SNPs
using plink[87]. Additionally using plink, we excluded SNPs with HWE p-values less than
0.05 and removed SNPs with a minor allele frequency (MAF) of less than 0.01. This resulted
in 2,543,887 SNPs in 6810 individuals. The details of this quality control process can be found
in the repository at data/matrizeqtl_related/FramImpQC1.log

The full association model was fitted as:
miRy ~ SNP; + PEERPMR 4 ... PEERIIR (2.1)

where k is the index for microRNA, j is the index for SNP, n is the number of PEER factors
used. We observed a well controlled genomic inflation factor A of 1.02 and quantile-quantile
(QQ) plot (Figure 1A). Finally because of the burden of fitting linear-mixed models in eQTL
studies, we used faster linear regression for discovery and confirmed the top associations
remained unchanged using Imekin in R as per the methods of Huan et al. 2015.

We restricted the output of Matrix eQTL to results with false discovery rate (FDR)
< 0.05 resulting in 1,665 SNP-microRNA pairs. We then annotated the results with NCBI
SNP and gene information using the R packages ncbi2r and mirbase.db. We annotated a
SNP-microRNA association as local if the SNP was located on the same chromosome as the
miRBase annotated transcription start site (TSS). Otherwise a SNP-microRNA association

was annotated as distant.
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Replication

We replicated the results in the Geuvadis dataset using data obtained from http://www. ebi.ac.uk/
Tools/gEUVADIS-das/. Specifically we used the file GD480.MirnaQuantCount.txt as it al-
lowed flexibility in correcting for unwanted variation. The intersection of genotype, mi-
croRNA and mRNA expression data resulted in a dataset comprised of 331 individuals. We
matched by dosage allele and confirmed that MAF between datasets was within 0.15 of each
other (Supplementary Figure 4). We found that including 10 PEER factors maximized the
number of replicating miRQTL (Supplementary Figure 5). Replication consisted of fitting

the following models:

miR; ~ SNP; + PEERI"R + ... 4 PEERIIR (2.2)

where i indexes microRNA (FDR < 0.05 in FHS), k indexes the SNP (FDR < 0.05 in
FHS) and n is the number of PEER factors used.

eQTL Analysis

We performed eQTL mapping in the FHS dataset using the 67 replicating SNPs previously
identified and 22,011 transcripts measured on the Affymetrix Human Exon array. We in-

cluded 20 PEER factors calculated from the full gene expression matrix. Therefore we fit

transcript; ~ Sij + PEERtiranscript 4+ ...+ PEE ;clranscript (2.3)

where i indexes the transcript, j indexes the SNP and n is the number of PEER factors

used. We tested the association between transcript level and microRNA level by

miR; ~ transcript; + PEER|"™ ™' 4 ... 4 pEER} ™' + pEERME 4 ... pEERMR

(2.4)
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where i indexes the miR, j indexes the transcript, n is number of transcript-PEER factors

used, and m is the number of microRNA-PEER factors used.

Mediation Analysis

Mediation analysis was conducted using the function mediation.test found in the github
cran repository https://github.com/cran/bstats/tree/master/R. The application of mediation
analysis in eQTL studies has been investigated by Pierce et al. 2014[86]. Briefly, within the
context of eQTL studies, one may regress the dependent distant associated probe (in this
case microRNA) onto the independent variable SNP genotype plus mediating variable mRNA

probe:

Ymir = B + BXgNp + S1XERALL + € (2.5)

where € is the error term. We also must regress the mediating local associated probe (in

this case mRNA probe for FRALI) onto the independent variable SNP genotype:

YERALL ~ B + B2XgNp + € (2.6)

Our t-statistic:
SE = \/5%0—%2 + 3303, (2.7)
t = [152/SE (2.8)

is finally compared to the normal distribution to generate sobel p-values. In addition we
wanted to incorporate the covariates used in equations 2, 3 and 4. Therefore in practice we

fit:
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COVAR = PEERY® 4 ...+ PEERMR 4 PEERI™SPE .. PEERIAMSTPE (9 9)

miR-589 ~ EXONIggaL; + 154795456 + COVAR (2.10)

EXONIgRALL ~ 14795456 + COVAR (2.11)

where n is the number of microRNA PEER factors used and m is the number of transcript

PEER factors used. COVAR are the covariates of equations 2, 3 and 4.

Supplementary Figures
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Figure 2.4: Supplementary Figure 1 A-B Concordance plot between FHS fitted with
40 PEER factors and Geuvadis datasets over a range of PEER adjusted comparisons in
Geuvadis. Here we compare the percentage of SNPs that have either p-values < 0.05 or
p-values < 0.05 with concordant direction of effect. A) We observe 55% of tested loci with
p-values < 0.05 when fit with 20 PEER factors however the percentage concordant remains
low at 0.05%. B) We see that for distant miRQTL, at 10 PEER factors fitted in Geuvadis,
we achieve concordant direction of effect which is maintained up to 40 PEER factors. At 70
PEER factors we begin to see diverging concordance.
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Figure 2.5: Supplementary Figure 1 C-D Concordance plot between FHS fitted with
20 PEER factors and Geuvadis datasets over a range of PEER adjusted comparisons in
Geuvadis. Here we compare the percentage of SNPs that have either p-values < 0.05 or p-
values < 0.05 with concordant direction of effect. C) We see similar results to parts A where
20 PEER factors fitted in Geuvadis maximizes the percentage tested with 52% of local tests
showing p-values < 0.05 yet only 0.07% are concordant. D) We see that at 40 PEER factors

fitted in Geuvadis, we achieve concordant direction of effect with direction maintained up to
70 PEER factors.

24



g ] o
g [
° 3
° 8
8
[
o _| ° ° 8
N o ° 000
0%
8 000%
8 ° @O
® © °®
° )
0 o 8 o?g':%
= ° ° 300&
—_ o o
G o o §°go
o o ® O
° o af
o ° ° ;@@
) o o 0%
o ] o 6 o S O
i o ° o ° o @
)
& s o o
8 %o % oo
o, g00° @ o
o ° °
(o] ° o 8 8 ® ?
o o o o ° o @
o o ° ) o o o
° o ° o o ° o 8 o
— g o ) oo
n ° o ° o 0© o ° & 00 og o 0008 ° o )
oo o
§9°°o°o o6 ZOQ, ° & B3 ° @ [0%0 ° o °
° o
I I I I I I
0 1000 2000 3000 4000 5000

Sample Size of Expressed miRNA

Figure 2.6: Supplementary Figure 2 Distribution of sample size of the expressed mi-
croRNA and the mean CT expression. Missing values were uniformly imputed between
values of 27-35. The raw CT values were subtracted from cycle threshold 35. The vertical

line represents the 50% cutoff used for miRQTL mapping.

25



Histogram of outmat

o
o —
o _ —
o
n
i
o
o —
o _|
o
o
i
> —
[S]
o
5]
>
o
(]
S
LL
o
o
O_
(@]
e —
O_

outmat

Figure 2.7: Supplementary Figure 3 Distribution of log2 transformed mean CT levels in
the FHS dataset. The data were imputed for CT values greater than 27 and subsequently
all values were subtracted from 35. Values <= log2(8) were imputed in this figure.
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Figure 2.8: Supplementary Figure 4 Difference in minor allele frequence (MAF) between
Framingham Heart Study and Geuvadis alleles. Prior to replication we removed SNPs which
had differences greater than 15%.
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CHAPTER 3
POLY-OMIC PREDICTION OF COMPLEX TRAITS:
OMICKRIGING

Abstract

Clinically relevant prediction of complex traits is an ultimate goal of precision medicine. Re-
cently genome wide association (GWA) studies have uncovered thousands of trait-associated
loci. However trait-associated loci were shown to collectively explain only a small portion of
phenotypic variance, thereby limiting their utility in a clinical setting. To address this limita-
tion, we developed a fast, scalable and highly versatile approach to whole-genome prediction
of complex traits. Our approach uses a method called Kriging, commonly used in geostatis-
tics and machine learning. We extend Kriging to the Omic setting to present OmicKriging.
Intuitively, OmicKriging translates genetic similarity between individuals into phenotypic
similarity. We show that OmicKriging is capable of integrating multiple sources of systems
level data to predict unobserved phenotypes. In addition we show that OmicKriging flexibly
addresses the genetic architecture of complex traits as it leverages previously identified loci
identified through GWAS. Using seven disease datasets from the Wellcome Trust Case Con-
trol Consortium (WTCCC), we show that OmicKriging allows simple integration of sparse
and highly polygenic components yielding comparable performance at a fraction of the com-
puting time of a recently published Bayesian sparse linear mixed model method. Using a
cellular growth phenotype, we show that integrating mRNA and microRNA expression data
substantially increases performance over either dataset alone. We provide an R package to

implement OmicKriging (http://www.scandb.org/newinterface/tools/OmicKriging.html).

28



Introduction

Clinically relevant prediction of complex traits is an ultimate goal of precision medicine.
Recently genome-wide association (GWA) studies were undertaken to gain novel biological
insight and yield clinically actionable trait-associated loci. The result of GWAS have been
staggeringly successful having identified 19,603 genetic loci to date. However the small ef-
fect sizes of the vast majority of trait-associated loci has limited their clinical utility[17].
Recently, the use of polygenic models has shown that for complex traits, a substantially
greater proportion of phenotypic variance can be explained over the use of single variant
tests[88, 128]. A notable example is height where approximately 45% of the phenotypic vari-
ance can be explained using a mixed linear modeling approach (GCTA) that simultaneously
considers all 300K common SNPs genotyped [128, 129]. GCTA circumvents limitations of
GWAS by not relying on the selection of loci when estimating the proprortion of variance
explained. This approach has been considered more appropriate in the context of highly
polygenic traits[71, 80].

To gain an intuition for OmicKring, we consider an analogous application from the field of
geospatial statistics. Kriging estimates the measurement (rainfall) at an unobserved location
through interpolation of measured locations[12, 101, 48]. Here we assume that the rainfall
at close locations will be more similar to the unmeasured location than rainfall at distant
locations. Kriging weighs each observed measurement by the distance to the location of
the unobserved quantity to make a prediction. Analogously, we consider these locations
as individuals, measurements as phenotypes, and distance as genetic similarity (Figure 3.1).
Close ties between genetic distance and geographic distance have been demonstrated in
studies of human population structure. For example, in the analysis of genome-wide genotype
data from 3000 Europeans, the first two principal components generated a graphic resembling
the geographic map of Europe [79]. A diagram of the analogy between geostatistical kriging

and complex trait prediction is shown in Figure 3.1.
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Figure 3.1: Kriging and whole-genome prediction connection. This figure shows
the analogous relationships between components of the kriging method used in geostatistics
and whole-genome prediction. The prediction at an unobserved location (7) is computed
as a weighted average of the variable at observed locations. The weights are functions of
the correlation between the rainfall at the new location and the rainfalls at the observed
locations. The closer the distance between each observed location and the new location, the
higher the weight. In complex trait prediction, locations correspond to individuals, physical
proximity corresponds to genetic relatedness. The correlation between two locations or
individuals is the key component of this method. In animal breeding approaches, the genetic
relatedness matrix or kinship matrix is used. In OmicKriging, a genetic relatedness matrix,
a gene expression similarity matrix, or any combination of available high-throughput data
similarity measures can be tested for complex trait prediction performance.
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Whole-genome prediction was initially introduced by Meuwissen et al. [75] who proposed
to predict unobserved phenotypes using out-of-sample-estimated regression coefficients which
were linearly combined with SNP genotype: » ;1 Xy f3;, where Xj; is the genotype of indi-
vidual 7 for marker [ and Bl is the estimated effect size of marker [. This approach is known
as the polygenic score method. The polygenic score method saw an early application to
human disease risk using logistic regression effect sizes for SNPs at or below an arbitrary
threshold. The approach was successful at predicting a significant proportion of the risk
of schizophrenia and bipolar disorder when generalized to test cohorts[88]. Purcell et al.
trained logistic regression models using a large schizophrenia GWAS cohort and used test
cohorts which included additional schizophrenia and bipolar disorder patients. A training-
test set approach that used the polygenic score method was similarly tested in the Wellcome
Trust Case Control Consortium (WTCCC) seven disease cohort[25].

There exist several additional whole-genome prediction (WGP) methods, which were re-
viewed by de los Campos et al. [17] and Abraham et al. [1]. These methods include penalized
estimation models such as Least Absolute Shrinkage and Selection Operator (LASSO) [105],
Ridge Regression [44], and Elastic Net [136, 1]. These approaches cleverly exploit geometric
properties of their models to penalize the coefficients used to estimate an unknown fixed
vector 5 € RP. These approaches are particularly valuable when working with underdeter-
mined systems of equations as is the case with GWAS level data[17]. For example, Vazquez
et al. applied a Bayesian LASSO to structure the prior density of marker effects in their
Bayesian regression WGP model of skin cancer risk [110]. Their best prediction model, which
included 41K genome-wide SNPs, had an area under the receiver operating characteristic
curve (AUC) of 0.635, 18.9% higher than that of the baseline model, which just included
non-genetic covariates [110].

The notion of translating genetic similarity into phenotypic similarity which is used to

predict phenotypes dates back to Fisher [27] and Wright [127]. These ideas were formalized as
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best linear unbiased prediction (BLUP) approaches based on multivariate normal processes
by Henderson, Goldberger and others [33, 40, 41]. When these methods were first developed,
high-throughput genotyping was not available therefore the methods used pedigree based
similarity matrices. Recently with the advent of affordable high throughput genotyping
technologies, several authors have used similarity measures computed using larger numbers
of genetic markers [18, 35, 51, 69, 71, 80, 109, 128]. These approaches are typically referred
to as G-BLUP for genomic-BLUP. G-BLUP differs from the polygenic score approach by
its ability to fit all markers of the genome simultaneously. G-BLUP performs this by using
only a matrix of genetic relatedness (GRM) calculated from SNP genotype data. Recently,
the results of WTCCC analysis reveal that the genetic architecture of complex traits can be
highly variable with some traits owing much of their influence to a small number of loci of
modest effect and others to many loci of small effect. This motivated the development of
genetic architecture-flexible approaches such as a the model developed by Zhou et al which
combines G-BLUP with a sparse regression model that allows for a small proportion of
markers with large effect sizes and estimates the most likely model for a particular phenotype
from the data [133].

Furthermore, Kriging and BLUP have well established use in animal breeding and quan-
titative genetics fields [37, 90]. Kriging in genomic prediction has been previously used, but
it was restricted to simulation studies of genetic similarities [81]. Based on whole genome
simulations, Ober et al. reported that using Matérn functions to scale the genetic relatedness
measure works better than standard measures of relatedness in the presence of dominance
and epistatic effects [81].This suggests that alternate approaches to distance matrix calcula-
tion may yield domain specific prediction improvements.

Here we extend Kriging to the omic setting for use with multiple sources of high-
throughput systems level data. In addition we show that OmicKriging flexibly integrates

external information to improve overall phenotype prediction. For example, previously iden-
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tified trait-associated loci can be given greater weight to improve prediction performance.
This ability differentiates OmicKriging from standard Kriging/BLUP methods in that it is
not necessarily tied to an additive genetic/genomic model. Rather than using maximum
likelihood estimation methods, we search for optimal hyper-parameters which maximize
cross-validated prediction performance. In this sense, our approach is closely related to the
semi-parametric models using reproducing kernel Hilbert space (RKHS) regression proposed
by Gianola et al. [32] and de los Campos et al. [19] for WGP. To our knowledge, our
method is the first to integrate multiple omics data using these semi-parametric methods
based on similarity measures. Importantly we show that OmicKriging is a fast and scalable

whole-genome prediction method for high-throughput omic technologies.

Results

To test the prediction performance of OmicKriging we first calculated inter-sample similarity
matrices for each respective high-throughput source. These matrices included the genetic
relationship matrix (GRM) calculated from SNPs and a gene expression correlation matrix
(GXM) calculated from gene expression data. We then predicted unknown phenotypes by
calculating the weighted average of the training set individuals’ phenotypes. In the case of
SNP data, the weights were comprised of the GRM and pairwise genotype similarity of the
unknown individual with the genotypes of those with observed phenotypes. When using a
single omic component, we tested matrix weights between 0 and 1 (i.e. 0.1, 0.2, 0.3, ..., 1
for the omic component and 1-weight for the environmental component) to find the matrix
weight that produced optimal prediction. When two omic components (e.g. GRM and GXM)
were combined, we performed a grid search to find the optimal prediction matrix weights 64
and 0o, such that 01 + 0o < 1 (1-01-02 for the environmental component). We found that
the optimal matrix weights for each omic component depended on the genetic architecture

of the trait. A schematic of our procedure to find the optimal composite similarity matrix
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Figure 3.2: OmicKriging data integration and weighting. (A) The individual weights,
depicted as w1l and w2, in the Kriging method are given by the product of the composite
similarity matrix 3 and the correlation of omic data between the individual of unknown
phenotype (7) and the individuals of known phenotype. (B) The composite similarity
matrix ¥ integrates different omic correlation matrices such as a genetic relationship matrix
(GRM) derived from SNPs and a gene expression correlation matrix (GXM) derived from
gene expression levels in this example. ¥ also includes an environmental component, i.e.
noise term (*). (C) In OmicKriging, we optimize the matrix weights, 61 and 6o, by testing
the 6; values of the grid space depicted in color. (D) The optimal matrix weights 6; give the
highest values of AUC for binary traits and R? for quantitative traits.

is shown in Figure 3.2.

Our implementation of OmicKriging allows for parallel computation of each k of k-fold
cross-validation. Therefore we used a 16-fold cross-validation approach reflective of our
compute resources, with individuals assigned to the 16 subsets at random and repeating
the procedure 500 time to assess the sampling variability of the prediction performance

(see Methods). For quantitative traits, we computed the coefficient of determination R2

(equivalent to the square of the correlation) between the predicted and true values of the
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phenotype. We assessed prediction performance and for case/control traits by computed the

area under the receiver operating characteristic curve (AUC).

Cellular phenotype applications

To test the prediction performance of OmicKriging when combining multiple sources of omic
data, we used the intrinsic growth rate (iGrowth) phenotype derived from multiple prolifer-
ation measurements in the commonly used HapMap lymphoblastoid cell lines (LCLs) [47].
We felt this was an appropriate phenotype to demonstrate the performance of OmicKriging
as it has been shown that genes associated with proliferation are strong prognostic factors
in several types of cancers [98, 15, 13, 91] and such genes are differentially expressed in most
cancer tissues [122, 92, 89].

Therefore we used iGrowth values from 99 LCLs from the HapMap CEU (Northern and
Western European ancestry from Utah) and YRI (Yoruba from Ibadan, Nigeria) popula-
tions in the analysis. We incorporated common SNPs; gene (mRNA) expression levels, and
microRNA expression levels as predictors of iGrowth. We calculated the GRM using 2.7
million HapMap imputed genotypes [28] using GCTA [129]. We calculated the GXM as a
simple correlation matrix using 13,080 transcript clusters from a previous genome-wide gene
expression analysis [131]. In addition we calculated a microRNA expression similarity matrix
(MXM) using expression measurements for 201 microRNAs [31].

To evaluate single similarity matrix performance, we investigated the prediction perfor-
mance across a set of weights. At every weight Oqry attempted (Ogry = 0.1,0.2, ..., 1 and
0 =1 —0arm), the GRM did not show any predictive power (i.e. the correlation between
the predicted and true iGrowth values did not differ from zero). Interestingly transcriptome
data used to calculate the GXM showed an optimal prediction correlation of R = 0.38 [0.34,
0.43] when using fgxn = 1 (Figure3.3A). We estimated the 95% confidence interval of each

prediction [in brackets] by 500 permutations of randomly partitioning the data into training
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and test sets as described in the Methods. Furthermore, we found that for the MXM alone,
the optimal prediction correlation was R? = 0.35 [0.32, 0.38] when fyxyp = 0.4 and 6 = 0.6
(Figure 3.3B). To further improve these results, we performed a grid search to determine
whether the combination of GXM and MXM similarity matrices was able to improve iGrowth
prediction. We found that prediction after performing the grid search improved resulting in
a correlation of R? = 0.48 [0.45, 0.52], when Ogxn = 0.8, Oyxar = 0.1, and 6 = 0.1 (Figure
3.3C-D). The non-overlapping confidence intervals confirmed that combining genome-wide
expression data improved the iGrowth predictive power of OmicKriging over using either the
GXM or MXM alone.

To gauge the relative performance of OmicKriging to a baseline model, we used a method
similar to the polygenic score method, by using the top gene and microRNA expression
associations rather than SNP associations. We found that 255 genes and 14 microRNAs
were associated with iGrowth by univariate linear regression after Bonferroni correction for
multiple tests. Using these results, we performed 16-fold cross-validation to determine the
top 255 genes and top 14 microRNAs using univariate linear regression in each training
set. We then used the effect sizes to predict iGrowth in each test set. We also included
the first 10 principal components calculated from the genotype data in each multivariate
prediction model. This cross-validation procedure was repeated 500 times to generate a
confidence interval. We found that the baseline model was unable to predict iGrowth, R? =
0.0038 [-0.010, 0.064] indicating that the maximum R? = 0.48 estimated using OmicKriging

represents a tremendous improvement in iGrowth prediction (Table 1).

WTCCC diseases To evaluate the prediction performance of OmicKriging for clinically
relevant phenotypes, we turned to the WTCCC seven diseases cohorts. Each disease is
comprised of approximately 2000 cases and 3000 shared controls. We calculated the GRM
for each of the seven cohorts using approximately 400,000 directly typed SNPs. We then fit

OmicKriging for each of the seven diseases. Zhou et al. had previously shown that all seven
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Figure 3.3: iGrowth prediction using OmicKriging. Predicted versus true iGrowth
(n=99) using (A) the optimally weighted gene expression matrix (GXM) alone, (B) the opti-
mally weighted microRNA expression matrix (MXM) alone, and (C) the optimally weighted
combination of the two matrices from the grid search. The solid black lines represent the
slopes of the regression between the predicted and true values. The red dashed lines are the
identity lines representing perfect prediction (slope 1, intercept 0). (D) Results of the grid
search which shows that the best iGrowth prediction correlation (R? = 0.48 [0.45, 0.52])
was obtained with (MXM, GXM) matrix weights of (0.1, 0.8). The R? values presented

in the contour plot are the mean values from 500 random samplings of the data into 16
cross-validation folds.
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diseases showed significant prediction performance[133]. We found in our own analysis using
OmicKriging that the mean area under the ROC curve (AUC) over the seven diseases ranged
from 0.598 [0.593, 0.604] when 6y = 0.4 for coronary artery disease to 0.713 [0.709, 0.717]
when Ogry = 0.4 for type 1 diabetes (Figure 3.4, Table 3).Similar to the iGrowth phenotype,
the 95% confidence intervals [in brackets] were calculated through random partitions of the
data 500 times into 16 subsets followed by performing cross-validated prediction on every
random partition to generate a distribution of 500 AUC values. While we did perform a grid
search to determine the best AUC for each WTCCC disease, optimization typically resulted
in minimal improvement. That is, the optimized gry did not improve the AUC greater
than 0.02 over the default Ogry = 1.

In an attempt to further improve the prediction by integrating existing information on
variants from previous studies, we generated a second GRM for each disease using the SNPs
within 100kb of known loci (identified outside of WTCCC studies for each disease) listed in
the The National Human Genome Research Institute GWAS catalog [42] and the Database
of Genotypes and Phenotypes (dbGAP) [70]. The optimal double GRM improved the pre-
dictive power of OmicKriging over using just the single common-SNP GRM alone slightly for
coronary artery disease and type 2 diabetes and dramatically for Crohn’s disease, rheuma-
toid arthritis, and type 1 diabetes (Figure 3.4). The type 1 diabetes prediction showed the
largest improvement when the second GRM was added: the AUC increased from 0.713 to
0.891 [0.889, 0.892] (Figure 3.4, Table 3).

A comparison of different polygenic prediction approaches has been published by Abra-
ham et al. [1], where the authors report that the elastic-net approach slightly outperforms
other methods. We compared OmicKriging to the elastic-net penalized model and to a
baseline model that uses only genome-wide significant SNPs and the first ten principal com-
ponents to calculate predicted phenotypes by the polygenic score method. Both OmicKrig-

ing models (single and double GRM) outperformed the elastic-net and baseline model for
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coronary artery disease and bipolar disorder (Figure 3.4, Table 3).While both OmicKriging
models outperformed the baseline model for hypertension and type 2 diabetes, elastic-net
performed the best for these two diseases. The OmicKriging double GRM model greatly out-
performs the baseline model for Crohn’s disease, rheumatoid arthritis, and type 1 diabetes.
The OmicKriging double GRM model also outperforms the elastic-net model for Crohn’s
disease and type 1 diabetes, while elastic-net was better for rheumatoid arthritis (Figure

3.4, Table 3) .

Discussion

We propose an extension of Kriging for the Omic setting to predict complex traits which
have measure high-throughput data source. We show that OmicKriging can also integrate
other sources of information such as previously identified trait-associated loci or even other
relevant environmental factors such as geographic proximity. We successfully translate ge-
nomic similarity into phenotypic similarity through OmicKriging. After choosing a given
similarity matrix, the prediction is obtained by simply computing the weighted average of
the phenotype of individuals in the training set. We show that our method is a fast, scalable
and flexible approach to polygenic, and more generally poly-omic, prediction. We provide an
R package called OmicKriging and a tutorial discussing how to fit OmicKriging on datasets.
http://www.scandb.org/newinterface/tools/OmicKriging. html.

We show that by using mRNA (GXM) and microRNA (MXM) data in HapMap LCLs,
we were able to predict the iGrowth phenotype with an out of sample R? of 0.48 with
99 samples. The use of 99 samples is highly encouraging as larger sample sizes promise
potentially greater prediction performance. Remarkably, we find that the combination of
mRNA-microRNA prediction R? was 0.10-0.13 higher than using either the GXM or MXM
alone. This result is perhaps not surprising given that gene expression was shown to account

for 30% of the iGrowth phenotypic variance[47]. These results suggest that biomarkers other
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Figure 3.4: OmicKriging prediction performance for WTCCC disease risk pre-
diction. Mean area under the ROC curve (AUC) for two implementations of OmicK-
riging for each disease from the WTCCC: a single common SNP genetic relationship ma-
trix (OK:SingleGRM) and two optimally weighted GRMs of common SNPs and known loci
(OK:DoubleGRM) for the predictions. The known loci were obtained from studies that did
not include the WTCCC data to avoid over-fitting. For comparison, we also show mean
AUC results of the polygenic score method using genome-wide significant loci with 10 prin-
cipal components (Baseline) and the lambda-optimized elastic-net penalized model (Elastic-
Net). Error bars represent the 95 % confidence intervals from multiple cross-validation runs
(see Methods). BD=bipolar disorder, CAD=coronary artery disease, CD=Crohn’s disease,
HT=hypertension, RA=rheumatoid arthritis, T1D=type 1 diabetes, T2D=type 2 diabetes.
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than SNP genotype may be useful in the clinical setting, however their utility may ultimately
be highly context and environment specific.

We show successful prediction using OmicKriging for seven clinically relevant disease co-
horts. Interestingly we demonstrate that OmicKriging is capable of performance similar to or
better than polygenic score and similar to elastic-net under certain conditions. Importantly,
OmicKriging when restricted to genotypic data performs as well as the computationally more
intensive BSLMM method [133]. Therefore we feel that as data become larger in the future,
our fast and scalable OmicKriging method will be more appropriate.

The average OmicKriging double GRM run time on a Xeon E5345 processor is 14 minutes,
whereas the average GEMMA software [134] run time for BSLMM is 28 hours on the Xeon
L5420 processor, which is a slightly newer, but comparable processor [133]. Most of the
BSLMM run time is used for the Markov chain Monte Carlo (MCMC) iterations, whereas
in OmicKriging, we specify the sparse effects (known GWAS loci) before the run. For the
known autoimmune diseases (Crohn’s disease, rheumatoid arthritis, type 1 diabetes), adding
a second GRM of known loci increased the prediction AUC values over a single common SNP
GRM alone to AUC values slightly higher (not significant) than those obtained by BSLMM
(Table 3). [133]. These autoimmune diseases are known to have multiple associated loci of
relatively strong effects, so this prior knowledge was used to improve prediction performance
[114]. Unless replicated in an independent study, the results from the WTCCC data were
not used to select top SNPs to avoid overfitting the data.

In the double GRM OmicKriging model we have used all SNPs to build the first similarity
matrix and a subset of SNPs with prior evidence of association to build the second similarity
matrix. The SNPs that were previously implicated are used in both similarity matrices. The
prediction is not affected by this choice. The main reason we use this approach is to make the
underlying model directly comparable to the Bayesian Sparse Linear Mixed Model, BSLMM

[133], where the effect sizes of all SNPs can be represented as a mixture of two distributions:
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one with small effect sizes for all SNPs and one with large effect sizes for a subset of SNPs.
This way the variance explained by the second GRM is directly comparable to the PGE value
(the proportion of variance explained by the sparse terms) in BSLMM. The total variance
explained by the known variants will be the sum of the PGE and the proportion of the
variance explained by the small effect sizes of the known variants from the first GRM.
While we recognize that assuming that a binary trait is continuous is not statistically
optimal, we do so here in our initial modeling for computational reasons, as have others
(60, 133]. Linear probability models for binary outcomes are considered to be adequate ap-
proximations when the proportion of cases (and controls) exceed 25% given the approximate
linearity of the logit or probit functions near the origin [133]. It has been reported that the
gain in statistical efficiency is hard to realize because of the added computational burden
and consequent loss in numerical accuracy [133, 112]. Unlike our approach, Vazquez et al.
used a probit link model for skin cancer incidence, but restricted their analysis to only 41K
SNPs due to computer memory limitations [110]. In their dataset, the linear probability
model would have been less appropriate since the proportion of cases was between 11-24%.
In conclusion, our results motivate the integration of OmicKriging in clinical prediction,

utilizing genetic as well as other sources of patient information.

Methods

OmicKriging Approach

We propose to use an extension of the Kriging framework to integrate different omic data
as well as prior information on function such as existing GWAS studies, eQTL information
(genetic markers associated with gene expression levels), regulatory evidence such as provided
by ENCODE studies, etc. We build the similarity matrix as a linear combination of the

similarity matrices from each omic component where the coefficients or weights for each
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component are chosen so that prediction performance is maximized. Given a similarity
matrix, the usual Kriging formulas are used to compute the predicted values. Prediction is
performed by randomly partitioning the samples into 16 subsets and using each subset as
the testing set and the remaining 15 sets as the training set. This is repeated 500 times
to assess the sampling variability. The correlation squared between the true and predicted
values are used as performance measures. For binary/disease traits we use the area under
the receiving operating curve. In this work, we assume a linear probability model for the

disease status following Lee et al. [60] and Zhou et al. [133].

Omic Similarity Matrix For each omic dataset used for prediction we compute the
corresponding similarity matrix. For convenience, we will denote the similarity matrix con-
structed from genetic data as GRM, the one constructed by mRNA expression profile data
as GXM, and the ones constructed with microRNA expression data as MXM. We assume
that the environmental component is independent across individuals and is represented by
the identity matrix, I. In the current implementation of the OmicKriging R package, we
are computing the similarity matrix for genetic data by invoking the GCTA [129] software,
whereas for other omic data we compute the similarity matrix directly in R. More specifically,

the 75 component of the GRM is computed as

—2p;) (XG — 2py)

| M
M; 2p; (1 —pp)

and the ij component of the other omics data is computed as

i (X7 - X2)(xq - X9)
=1 R(XG - X020 (XG - X9)2

where i and j denote individuals, X& ;] 18 the number of reference alleles of individual 7 at

marker [, p; is the reference allele frequency of marker [, X9 ;] 1s the level of omic marker [
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(I is a dummy index and there is no one to one correspondence between genetic and omic
markers indices), M is the number of genetic markers, L is the number of genes or omic
markers, )_(Z-O =>4 XZ%/L, and )_(jo => XjOk/L.

By using the correlation without prior centering and standardizing the gene expression
and other continous omic traits, we are effectively giving more weight to the traits that have
larger variance. The effects of different choices of the similarity matrix on the prediction

accuracy will be investigated in future work.

Optimal similarity matrix under an additive model

A key component of the success of OmicKriging is understanding which proximity measures
translate best into phenotypic similarity. The optimal similarity matrix depends on the
underlying genetic and epigenetic architecture of the complex trait.

We will use an additive poly-omic model to motivate our choice of the similarity matrix.

The phenotype for individual i, ¥; (a scalar) is represented as
Yi=a+G+T;,+0;+ - +¢ (3.1)

where

e ¢ is a constant,

G; = 2%1 ﬁZG X g is the additive genetic component (assumed to be known), BZG is

the effect size of the standardized genotype X G and M is the total number of genetic

il

markers,

T, = Zlel ﬂlTXg (assumed to be known), BZT is the effect size of the standardized

gene expression Xg; and L is the total number of genes,

/
0; = Zlel Blo X z(l) is the additive (other) omic component (assumed to be known), BZO
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is the effect size of the standardized omic level X z? ,and L' is the total number of omic

markers,
e and ¢; is a noise term (iid, independent and identically distributed).

For notational convenience let us define X; without a superscript to denote all three omic
data such that X; = X§ if | < M, X; = X g M <1< M+ Land X = Xi(?l_M_L
if M+ L <1< M+ L+ L and similarly for coefficients 3’s such that 8, = EIG ifl < M,
By=pL it M<l<M+Land =82, ;ifM+L<l<M+L+L.

We assume a random effects model for the 3’s. For convenience we also assume that

the X'’s have been centered and standardized. If we further assume that the betas are

independent, i.e. that cov(8) = U%H then the covariance matrix of the n-vector Y will have
components
M L r
Sij = 0 Y XGXG+0r Y XTXh 400> X7XG + 066, (3.2)
=1 =1 =1

where §;; is the kronecker delta (1 if i = j and 0 otherwise) and 6, f7, and 6 are non neg-
ative. If all modeling assumptions were met and we assumed normality of the environmental
term, this covariance matrix should be used as the similarity matrix to compute the best
linear unbiased prediction (BLUP). However, these assumptions are quite strong and do not
account for correlations of between marker effects, gene-gene interactions, gene-environment
interactions, etc. Thus, we adopt a pragmatic approach in which we use a combination of
the covariance matrices for each omic component but allow the weights 6 to vary and pick
the combination that provides the best predictive performance.

Independence assumption for all betas is clearly too restrictive. The effect size of genetic

marker Xﬁ, ﬁlG, that influences gene expression level Xij]; is likely to be correlated with 5%.
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For unconstrained values of the cov(5},5;) the covariance matrix has the form

M L I
T T
Sij = g Y XGXf+or Y X§X[+00 Y XGXj + 65
=1 =1 =1
+ Y cov(By, B) XX

k£l

In case prior expression quantitative trait loci (eQTL, genetic markers that have an effect on
gene expression traits) information is available, it may be possible to restrict the non zero
cross-correlation terms to known eQTL pairs (X ZG 7X,Zj). Additional restrictions in the values
of the cov(f;, B;) must be imposed to be able to characterize them given existing data and
care must be taken to preserve positive definiteness of 3 (all eigenvalues must be > 0). This
is a complex topic that merits further research. In this paper, to keep computations within
reach, we ignore the cross-correlation terms and find the coefficient thetas that maximize

prediction performance.

Composite Similarity Matrix Based on the form of the optimal similarity matrix under
an additive poly-omic model, we propose to use a composite similarity matrix that integrates
different omic components to be used for Kriging that is a linear combination of each com-

ponent similarity matrix (Ss)
Y =01514+0259+60353+---+(1—60; —0y—03--- )1

where the weights 6’s will be determined as the ones providing optimal prediction. All
coefficients € are constrained to be non-negative. The environmental component is known

as the nugget term in geostatistical applications.
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Kriging Formula

Within the kriging framework, the predicted phenotype of a test individual is computed as

the weighted average of the phenotype of the individuals in the training set.
Prediction(Ypew) = w1Y] +woYo + - + wp Yy (3.3)

where the weights w; are a function of all n(n 4 1)/2 pairs of similarity measures. In the
simplest case where no covariates are needed, the weights prescribed by the Kriging method
are given by

w=X"1p (3.4)

where p is the similarity vector between the test individual and the training individuals and
3 is the similarity matrix of the individuals in the training set [12]. Covariates are easily
included in the method by using the so called universal kriging approach [12]. Assuming
there are p covariates (if only the intercept is considered, p = 1), let z be the p by 1 vector
with covariates 1 to p corresponding to the test individual and Z be the n by p matrix with

the p covariates for the n individuals in the training set. The weights become
w=%"1(p+7Zm) (3.5)
where m = (Z/2712) 1z — 2/21p).

Prediction Performance

We measure prediction performance for binary traits with the area under the receiving
operator characteristic curve (AUC). For quantitative traits, we use R2?, the correlation

coefficient between true and predicted values squared.
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Grid Search

When using a single similarity matrix, we compared the prediction performance measures
for similarity matrix weights, #; = 0,0.1,0.2,...1, and environmental component weights,
0 = 1 — 01. For two similarity matrices (e.g. GRM and GXM) we allow matrix weights
61 =0,0.1,0.2,...1 and 69 = 0,0.1,0.2, ...1, with the constraint that 61 + 9 < 1. When two

similarity matrices are used, the environmental component weights are #c = 1 — 61 — 6o.

Sampling Variability

To assess the uncertainty of the R2 or AUC estimates due to sampling variability, we ran-
domly partitioned each dataset 500 times (except elastic-net) into 16 subsets and performed
cross-validation on every random partition. That is, within each cross-validation fold, 1/16
of the data was used as the test set and 15/16 of the data was used as the training set. This
random sampling and cross-validation generated a distribution of 500 R? or AUC values for
each prediction method and trait from which 95% confidence intervals were calculated (as
the 0.025 and 0.975 percentiles of the distribution of R or AUC values). All analyses were

performed using the R statistical language and environment [103].

Genotype imputation Self-reporting Caucasian individuals from the Cholesterol and
Pharmacogenetics Study [95] were genotyped on the Illumina HumanHap 300K beadchip
(n=305) or the Illumina HumanHap 610K-Quad beadchip (n=282). Prior to imputation,
we performed standard GWAS quality control, removing poorly called SNPs and SNPs in
Hardy-Weinberg disequilibrium (HWD, P < 0.001). We also removed related individuals
and outliers for heterozygosity or principal components. This left 562 individuals, who also
had baseline and post-simvastatin treatment LDLC measurements, for imputation. Prior to
imputation we pre-phased the genotype data using SHAPEIT [20] using the recommended

settings. Then we used IMPUTE2 [45] to impute genotypes from the 1000 Genomes Project
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[11] using the default settings for pre-phased data. A total of 8.7M SNPs with IMPUTE2-
info scores > 0.3 and minor allele frequency (MAF) > 0.001 and genotypes with probabilites

> 0.9 were used in the heritability estimation and prediction analyses.

Phenotype The change in low-density lipoprotein cholesterol (ALDLC) phenotype was
calculated by subtracting the log-transformed mean (over the two baseline measurements)
of the baseline LDLC plasma levels from the log-transformed mean (over the two visits

post-treatment) of the LDLC plasma levels collected while patients were on simvastatin [95].

Expression pathway analysis To test whether the gene expression of pathways poten-
tially related to simvastatin-induced LDLC response could predict dLDLC, we chose a few
canonical pathways from the MSigDB [65] to test in our OmicKriging model as proof-of-
concept for future more comprehensive pathway analyses. The pathways tested for predic-
tion ability include BIOCARTA INFLAM PATHWAY, PID RHOA PATHWAY, PID RHOA
REG PATHWAY, and REACTOME CHOLESTEROL BIOSYNTHESIS. While RHOA has
been previously implicated in lipid metabolism and thus makes a plausible candidate path-
way, we focus on it here over many other potential lipid metabolism pathways, because recent
functional work in the CAP LCLs have revealed specific effects of RHOA (ras homolog family

member A) in modulating the cholesterol-lowering effects of statin [73].

WTCCC disease analysis

We performed standard quality control for all WTCCC data sets. All WTCCC data sets
were merged into a single bed file where we removed all individuals recommended by the
WTCCC. This left 2937 common controls, 1868 bipolar disorder cases, 1926 cardiovascular
disease cases, 1748 Crohn’s disease cases, 1952 hypertension cases, 1860 rheumatoid arthritis
cases, 1963 type 1 diabetes cases, and 1924 type 2 diabetes cases. We removed SNPs in HWD

P < 0.0005 and MAF < 0.01. This resulted in approximately 388K SNPs after pruning. In
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addition, we computed the GRM for all WTCCC and identified a pair of cases with unusually
high relatedness that were not included in the WTCCC removal list. The duplicate individual

was removed.

OmicKriging models We selected SNPs from dbGAP and NHGRI to be used in the
double GRM model [42, 70]. We pruned all SNPs from studies that contained WTCCC
datasets. We fit OmicKriging models with single (all SNPs) and double GRMs (all SNPs
and known GWAS SNPs) in 16-fold cross-validation. We chose 16-fold because OmicKriging
can be multithreaded and for these analyses, we used dual Xeon E5620 processors with 16
logical cores.

We performed a grid search (as described previously) to identify the optimal weights for
single and double GRM models (Table 3). Prediction performance of all OmicKriging and
baseline models was measured by area under the receiver operating characteristic (ROC)
curve (AUC) with the package ROCR in R [96]. We used the R package ggplot2 [123] to

generate Figure 3.4.

Polygenic score models We applied the polygenic score method by fitting the first 10
principal components and p genome-wide-significant loci jointly in 16-fold cross-validation
(baseline model). Specifically, we fit Y~PC1 + --- + PC10 4+ SNP1 + - -- + SNPp in each
training set (15/16th of the dataset). With the remaining test set (1/16th of the dataset),
the m =p+10 estimated regression coefficients (B) are multiplied by an nxm matrix of
n individuals and m principal components/genotype dosages (Z;;) and each individual’s

predicted phenotype (polygenic score) is the sum of the respective individual’s products:

S Zab.

Elastic-net models We applied the elastic-net regularized regression method implemented

by the glmnet package in R [29] to the WTCCC data. In the WTCCC data, glmnet tra-
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verses a lambda penalty path for 100 iterations. We performed three replications of 16-fold
cross-validation to estimate mean AUC and calculate 95% confidence intervals for prediction
performance. Lambda penalty was chosen to be the value that maximized the AUC estimate

for each WTCCC disease. The elastic-net mixing parameter alpha was set to 0.5.
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CHAPTER 4
CLINICALLY RELEVANT PREDICTION OF BEVACIZUMAB
INDUCED HYPERTENSION

Abstract

The use of genetic data to predict provocative adverse events has yet to yield clinically ac-
tionable results. This is in large part due to small cohorts ascertained during clinical trials.
Nevertheless, clinical prediction of adverse events, which have primary disease analogues
may benefit from the use of whole genome data available in primary diseases. Therefore we
hypothesized that building a statistical learning machine that incorporates clinical trial and
primary disease level data will significantly improve predictions over either dataset alone.
To test this hypothesis we leveraged the CALGB 80303 and 90401 clinical trials cohorts
(n=304, n=901 respectively), as well as the XC-Pleiotropy meta-analysis results for primary
hypertension to build an integrative and scalable prediction model. Our results show a sig-
nificant performance gain (AUC=0.72) when predicting bevacizumab-induced hypertension
in CALGB 80303 when using combined predictors generated in CALGB 90401 and XCP
cohorts over performance seen using each dataset separately (AUC=0.67, 0.62 respectively).
This result suggests non-redundant genetic architecture between provocative and primary

hypertension and motivates the use of our model in a clinical setting.

Introduction

Genome wide association (GWA) studies and more recently sequencing studies have dis-
covered thousands of well replicated variants associated with complex phenotypes. The
total phenotypic variation explained by these findings is typically well below 20% and in

most cases less than 10%[72]. This low proportion of phenotypic variance explained by
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trait associated loci has limited the utility of GWAS in the clinic. To assess this result,
mixed effects modelling approaches were developed to estimate total variability explained
by common variants captured by genotyping platforms[111, 115, 129]. These estimates have
demonstrated that a substantially larger portion of the expected heritability from family
studies can be explained by the collective effects of genome-wide loci over genome-wide sig-
nificant loci alone[125]. This finding highlights the significant potential of whole-genome
prediction over trait-associated prediction and suggests that there are clinical applications
of whole-genome prediction methods which could improve patient care and realize the goals
of precision medicine.

Early whole-genome prediction methods applied a polygenic score approach which uses
GWAS regression coefficients estimated in training data and test genotype data to predict
unobserved phenotypes by linear combination[88]. Subsequently, a variety of whole-genome
prediction methods were developed after it became readily apparent that the rich and diverse
field of statistical learning would have important applications in genetic medicine[17, 1].
Recent approaches have used tools that include penalized regression, Bayesian inference,
kriging, bootstrap aggregation, support vector machines and deep learning. Prediction per-
formance for traits with immune related etiology has typically been the best (AUC > 0.8),
largely attributed to the HLA locus. Complex traits that are not HLA driven typically pro-
duce considerably more modest prediction performance (AUC > 0.6-0.8)[120]. Nevertheless
advances in whole-genome prediction tools and increasing sample sizes may produce gains
significant for some complex traits[84]. Improved clinical phenotyping may also reduce noise
in statistical learning applications.

While the development and application of statistical learning methodologies are critical
to achieving the goal of precision medicine, significant gains may be possible through strate-
gic selection and combination of clinically-external sources of genomic information. This

may be concretely realized through applications of whole-genome prediction of drug adverse
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events which have respective analogues in primary diseases. Therefore we hypothesized that
whole genome prediction of drug adverse events will demonstrate a significant improvement
in prediction performance through incorporation of information gained in primary disease
GWAS.

To test this hypothesis we chose bevacizumab-provoked hypertension using two clinical
trials cohorts, CALGB 80303[49] and 90401[53] along with the XC-Pleiotropy primary hy-
pertension meta-analysis cohort. Bevacizumab is a humanized monoclonal antibody that
inhibits VEGF induced angiogenesis and is currently used for the treatment of a variety of
cancer types[67|. Hypertension is a common adverse event to bevacizumab treatment which
requires careful clinical monitoring[102]. While the etiology of provocative hypertension re-
mains unknown, it is thought to be caused by blockage of VEGF receptors as a results of
decreased vasodilator nitric oxide levels (NO) levels[34]. Interestingly pre-existing hyperten-
sion does not predispose patients to grade 2/3 provocative hypertension[93]. The incidence
of grade 2/3 hypertension with bevacizumab is estimated at 15%[135]. Large scale genome-
wide association studies (GWAS) have examined the underlying genetic basis of hypertension
but have uncovered only tens of genome-wide significant loci[24], yet twin and family studies
have estimated heritability as high as 60% in men and 30% in women[56]. This finding has
led researchers to characterize the genetic architecture of hypertension as highly polygenic
owing little of its etiology to variants of large effect. However the genetic architecture of
provocative hypertension remains poorly understood.

We built statistical learning models based on large scale whole-genome data to predict
bevacizumab induced hypertension. Our approach borrows heavily from the methods devel-
oped in the statistical learning field, particularly the LASSO and Random Forests pioneered
by Robert Tibshirani[104] and Leo Breiman|7] respectively. We present results which demon-
strate significant prediction performance using clinical trial data and primary hypertension

data separately. Finally we show that the combination of provocative and primary hyperten-
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sion models trained separately results in the best overall prediction. These results suggest a
non-redundant genetic architecture and should motivate the use of large scale whole-genome

prediction in a clinical setting.

Results

To estimate the within-sample prediction performance of our test cohort, CALGB 90401,
we fit the LASSO via 6-fold cross validation over a range of L1 pentalty parameters (\)
values for grades 2+ and 3+ hypertension. CALGB 90401 is a randomized, double-blind,
placebo-controlled phase III trial comparing docetaxel and prednisone with or without beva-
cizumab in men with metastatic castration-resistant prostate cancer. Our model contained
788 individuals and X SNPs. We observed that the model for grade 2+ hypertension showed
relatively weak performance (AUC = 0.57)(Figure 4.1A) while our model for grade 3+ hy-
pertension showed excellent performance (AUC 0.71)(Figure 4.2B). Interestingly prediction
performance was best with penalty allowing two SNPs in the model, rs3765696 and rs742560.

To test the generalization of our grade 24 and 3+ prediction results in 90401, we applied
the LASSO coefficients estimated in CALGB 90401 to CALGB 80303, a randomized double-
blind, placebo-controlled phase III trial of gemcitabine with bevacizumab versus gemcitabine
with placebo. The CALGB 80303 test set consisted of patients with advanced pancreatic can-
cer (n=152). Generalized performance was not significant for grade 2+ hypertension(AUC
= 0.5) (Figure 4.2A) however grade 34 showed significant prediction performance (AUC
= 0.6)(Figure 4.2B). This result is comparable prediction performance seen with Wellcome
Trust primary hypertension using LASSO models. We found that this result was only achiev-
able when predicting in 80303 using all coefficients estimated in the full A path rather than
just the two SNPs that performed best in 90401 alone. This suggests that the architecture
of provocative hypertension may indeed possess a polygenic component.

We next aimed to improve prediction of LASSO alone by extending our approach to use
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Figure 4.1: Cross-valdiated prediction in 90401 Prediction measured by area under the
ROC curve. A) CALGB 90401 prediction of hypertension grade 2+ phenotype by 6-fold
cross-validation. Peak prediction occurs retaining 345 SNPs in the model with an AUROC
of 0.61. B) CALGB 90401 prediction of hypertension grade 3+ phenotype by 6-fold cross-
validation. Peak prediction occurs retaining 2 SNPs in the model with an AUROC of 0.72.
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Figure 4.3: Prediction in 80303 of grade 3+ hypertension Grade 3+ hypertension
predicted values measured by AUROC. A) 0.64 AUROC of LASSO + random forests. B)
0.68 AUROC of LASSO + random forests.

LASSO for feature selection and random forests for model training. Random forests was
selected because it is a method that has both low bias and low variance estimation. Interest-
ingly, we saw significant generalized prediction performance in 80303 (AUC = 0.64)(Figure
4.3A) which outperformed grade 2+ prediction in 90401 with the LASSO model alone. With
grade 3+ hypertension, we observed significantly improved prediction performance when in-
corporating random forests into the LASSO model (AUC = 0.68)(Figure 4.3B).

While we were achieving significant prediction performance using provocative hyperten-
sion data alone, we hypothesized that incorporation of primary hypertension data into the
provocative prediction model would significantly improve prediction performance overall.
We obtained regression coefficients from a large scale meta-analysis generated by the XC-
Pleiotropy consortrium and applied the polyscore approach: §; = Y ;24 BlXil to CALGB
80303 data. This approach alone yields significant prediction (AUC = 0.61) comparable
to prediction performance seen with Wellcome Trust primary hypertension using LASSO

models.
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Figure 4.4: Full Model Prediction for grade 3+ A) Prediction performance measured by
area under the receiver operating characteristic curve (AUC) and colored by model tested.
A legend will be included. Purple line is full model performance with an AUC of 7.1. B)
Prediction performance as averaged predictions increases along the X axis.

We wanted to test whether a significant performance improvement in CALGB 80303
could be made by combining vectors of predicted response for models built using primary
and provocative datasets. Therefore we produced an ensemble of predictions by taking
a weighted average of both models as per the methods. We see significant performance
gains (AUC=0.71)(Figure 4.4A-B) over using primary and provocative models alone. This

result suggests that the genetic architecture of provocative hypertension has an underlying

structure that is non-redundant with primary hypertension.

Discussion

In this study we built statistical learning models to predict bevacizumab induced hyperten-
sion. Prediction of adverse events has had little success largely owing to the small sample
sizes obtained and the limitations to previous prediction methods. We were able to build

several models that produced significant prediction results for bevacizumab induced hyper-
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tension using two small clinical trial datasets. Our methods reveal an unanticipated degree
of prediction from small clinical trial datasets. The CALGB 90401 contains only 34 cases
and therefore an effective sample size of n=64. These results suggest that we may be able
to identify individuals at risk for drug induced hypertension by genotype alone. At risk pa-
tients could then by better monitored for developing hypertension in the presence of therapy.
Importantly our findings suggest that other provocative traits with primary complex disease
analoges such as type 2 diabetes may benefit from integrative prediction approaches that we
have highlighted here. In addition this method could be extended to systematically iden-
tify primary complex diseases that improve prediction performance for a given provocative
phenotype.

Furthermore our approaches are scalable and computationally efficient, both of which are
essential for large scale clinical implementation, particularly as clinical sample sizes continue
to grow. Our computational efficiency is largely owed to the convexity of the LASSO which
performs feature selection in polynomial time. While random forests is a powerful method
for high variance small datasets, our prediction machine may benefit from other methods at
larger sample sizes. When clinical sample sizes eventually reach the millions, deep learning
methods are likely to take over as the predominant prediction approach, as significant gains
for deep learning are often observed for very large samples. Nevertheless, most deep learning
occurs where the sample size is much larger than the dimensionality of the features, therefore
novel approaches to deep learning for underdetermined systems of equations will likely be
developed. These methods will be of particular utility in the clinic when we reach millions

of samples and tens of millions of features.
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Materials and Methods

Quality control

A full description of the CALGB 80303 cohort and genotyping and quality control can be
found as per Innocenti et al. Briefly, the lllumina HumanHap550v3 Genotyping BeadChip
was used to genotype over 550,00 SNPs. The chip also contained over 7,000 SNPs located
in 267 candidate genes. Imputation to HapMap 2 was done using Beagle. We removed
individuals with greater than 5% SNP missingness and removed SNPs with greater than 5%
missingness by individual. We pruned SNPs which exceeded expected HWE equilibrium (p
> (0.05). This resulted in 433401 SNPs in CALGB 80303. A brief description of the CALGB
90401 cohort and genotyping can be found as per X et al. Briefly, samples were genotyped
on the HumanHap610-Quad platform. We performed identical SNP quality control as per
CALGB 80303 which resulted in X SNPs. Primary hypertension data used in the XC-
Plieotropy is full described as per X et al. We obtained the regression coefficients estimated

in 20,000 individuals and 2.6M SNPs.

Prediction Outline

Model selection and model assessment are central to inference in statistical learning. Model
selection is concerned with estimating the performance of different models with goal of choos-
ing the best one. Model assessment is concerned with how well the built models generalize
to new and never before seen sets of test data. This process involves partitioning data into
three discrete non-overlapping sets. The first being training data which is used to build the
model and estimate model parameters. A second validation partition includes a portion of
the data that are used to validate and therefore iteratively optimize the parameters of the
training data. The final partition of data is the test set. This is a dataset that is never opti-

mized on and can be thought of as a data set that is kept in a vault until the an optimized
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model is reached. There are inherent limitations to an iterative approach that optimizes
based on a set of validation data, namely poor generalization to the test data. Therefore
over optimization in the validation set runs the risk of reduced prediction performance in
the test set. While lacking a true validation data set, this study follows these principles by
utilizing the XCP hypertension cohort and CALGB 90401 for training, and CALGB 80303

for testing.

Prediction Models

The LASSO approach is used to estimate an unknown fixed vector, 8 € RP given a response

vector y € R™ taking the form

y=XB+e (4.1)

with € € R™ as mean-zero response noise and X € R"*P as the measurement matrix.
Concretely, y is a vector of individual phenotypes, and X is a matrix of individual genotypes.
Here we assume that the vector [ is sparse such that the cardinality of the support & = |S(3)|

is k < p. The lasso is classically solved by a quadratic program of the form

) 1
mingezo { 311y — X018+ Alllh (4.2

where ) is a regularization parameter > 0. Importantly, several authors have shown that
under certain parameter conditions, the LASSO recovers the sparsity pattern asymptotically,
i.e. the lasso estimator 3 is sparsistent: P(S(B)) = S(B)) — 1. [116, 74, 132, 26]. We rely on
this result in our application because we use the LASSO for feature selection in combination
with random forests. The method random forests is an approach outlined by Leo Breiman
in 2001 which uses classification and regression trees (CART) with bootstrap aggregation

(bagging)[7, 21]. The method has enjoyed a great deal of success in the applied statistical
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and machine learning community largely owing to low bias CARTs and low variance bagging.

We used the CALGB 90401 (n=788) as our training cohort. We fit the LASSO with
k-fold cross validation with k=6 using the R package glmnet (Figure 1A-B).We used the
regression coefficients from the max(\y,) path to calculate the predicted response in CALGB

80303 (n=152) by

m
Ui = ZXijﬁLASSOj (4.3)
=1

where i is the i*? individual and j is the jth SNP. Additionally, we fit

Y ~PCy +---+PC, (4.4)

and used the residuals Y — Y as the vector of predicted phenotypes (Figure 2A, 3A). We
measured and plotted the area under the receiver operating characteristic curve (AUROC,
AUC) using the R package ROCR. We used the non-zero regression coefficients (S(, B)) as
input to the random forest model trained with the R package randomForest. We used default
random forest parameters as we lacked a true validation dataset on which to optimize them.
The R implementation of random forest assumes equal numbers of classified data, i.e. a
balanced number of cases and controls. However CALGB 90401 is mostly comprised of
controls with only n=34 cases. Therefore we averaged n=1000 random forest fitted models,
each of the fitted models used random uniform sampling from the controls, such that each
random forest fit contained n=64 individuals of 34 cases and 34 controls. Specifically the

LASSO with random forest model was fit as

n

i =Y fLassorr, (7) (4.5)
k=1

where k is the k! random forest prediction for n=1000 random forest fits. As per equation

2, we used the residuals of the predicted phenotype regressed onto 10 principal components
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as the final predicted phenotype. AUROC was computed as described previously.

Our polygenic prediction approach used the regression coefficients (B) from a meta-
analysis of 20K individuals and 2.6M SNPs performed by the XC-Pleiotropy consortium
to compute predicted phenotypes in CALGB 80303 (n=152). The predicted phenotypes

were calculated as

m
b = Y XijBxc, (4.6)
1=

where i the i*? individual and j is the jth SNP. We then regressed the predicted pheno-
types on 10 principal components as per equation 2. AUROC was computed as described
previously.

To integrate primary hypertension data we assumed an additive model

Yi = fLASSO.RF(Z) + 9POLYSCORE(T) + € (4.7)

where f,As50 RF(7) is a map from genotype to phenotype approximated using LASSO
and random forest methods in CALGB 90401 (equation 3) and gporyscorg(z) is the lin-
ear combination of regression coefficients learned from XCP hypertension data (equation

4). Therefore we calculated predicted phenotype, as per equation 3 with the addition of

gPOLYSCORE (7). Specifically

n

Ji = Y _fLAss0.RF, (T) + 9POLYSCORE(?) (4.8)
k=1

where k is the k' random forest prediction for n=1000 random forest fits. described

previously.
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CHAPTER 5
SUMMARY

This thesis presents results of approaches to genetic medicine in the post-GWAS era. Chapter
2 explores novel distant genetic mechanisms regulating microRNA expression. Chapter 3
is focused on the extension of the Kriging method for applications in statistical genetics.
Chapter 4 builds on previous statistical learning results to predict bevacizumab induced
hypertension using clinical trial and primary hypertension data.

In Chapter 2, we expanded on previous eQTL studies by mapping miRQTL using an
unprecedented sample size for miRQTL studies (n=>5135). This resulted in the detection of
1,666 miRQTL, of which 392 were distant associations. We replicated these distant asso-
ciations in the Geuvadis cohort where we saw a 26% replication rate corresponding to 67
SNPs associated with 5 microRNA. We reasoned that distant miRQTL are likely regulated
through local eQTL. Therefore we tested the association of the replicated 67 loci with the
expression of local transcripts. We detected 18 genes significantly associated with the 35 of
the 67 loci. To further reinforce our findings, we tested the association between local mRNA
transcript and distant mircroRNA level. We detected 6 transcripts significantly associated
with microRNA levels. Because we hypothesized that these local transcripts were regulat-
ing distant microRNA, we performed mediation analysis using the 35 loci, 18 genes and 3
microRNA associated with the 35 loci. We found three genes were suggestive mediators
of distant microRNA abundance. The only transcript that showed consistent association
throughout all tests was HEXIM]1.

HEXIM1 is a transcriptional regulator that acts to inhibit RNA polymerase II transcript
elongation by sequestering the P-TEFb complex[16]. Importantly HEXIM1 is a double
strand-RNA binding protein that canonically works in concert with 7SK snRNA[63]. As
HEXIM1 is a key regulator of RNA polymerase II, a protein shown to elongate microRNA

transcript[61], it may then be a regulator of hsa-mir-185 transcriptional machinery. Li et al.
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tested whether HEXIM1 was capable of binding microRNA in vitro[63]. They found that
the microRNA they tested (miR-16-1) could be detected in HEXIM1 immunoprecipitates.
The authors did not detect the pri-mir-16-1 version in their immunoprecipitate which lead
them to speculate that HEXIM1 may bind double stranded microRNA intermediates. In-
termediate double stranded microRNA bound to HEXIM1 could reduce the availability of
downstream mature microRNA products. Taken together, our analytical results support a
negative regulatory role for HEXIM1 in modulating microRNA levels.

Furthermore, our findings support the idea that comprehensive miRQTL mapping can
provide valuable insight into genetic mechanisms underlying distant regulation of miRQTL,
thereby impacting on our understanding of gene regulation and associated phenotypes. This
finding has the ability to expand and enrich our understanding of the mechanisms governing
microRNA and mRNA transcript abundance. These results suggest further mechanistic
study of their behavior and function may yield novel biological insight.

In Chapter 3 we extend and develop a method called OmicKriging, derived from the
method Kriging for use in large genomic, transcriptomic and other omic data sources to in-
terpolate and predict missing phenotypes. We show that OmicKriging is a fast and scalable
framework for large scale whole-genome high-throughput prediction. We show that OmicK-
riging is capable of integrating external sources of information such as trait-associated-loci
to adjust for the genetic architecture of the complex trait being predicted. Furthermore we
show that our method is comparable and often outperforms common Bayesian approaches
to whole-genome prediction. We provide an R package which makes individual application
of our method straightforward.

In Chapter 4 we apply statistical learning approaches that have seen tremendous success
outside the field of statistical genetics to predict bevacizumab induced hypertension in clinical
trials data using separate clinical trial data and large-scale meta-analysis GWAS results of

primary hypertension. We show significant prediction of hypertension using only clinical
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trials data (CALGB 90401) to train a model and prediction other clinical trials data (CALGB
80303). We show significant prediction performance benefits from using the LASSO to first
identify relevant factors for phenotype prediction and then learn the parameters of the model
using random forests. It is however important to note that as data become very large,
methods other than random forests may become more relevant for phenotype prediction.
Particularly the use of deep learning which has seen large success in the fields of computer
vision. However success of deep learning has primarily been with datasets of very large
sample size (at least 1 million points) and modest feature space (fewer than 1 million points),
therefore approaches like deep learning will require feature engineering and feature selection
before they can be successfully implemented in biomedical context. This is largely owing
to the fact that biomedical data tends to have a very large number of relevant features,
such as the whole-genome and transcriptome, while having only few observations. Soon
studies may recruit vastly larger cohort sizes, possibly in the millions, which will lessen the
requirement of regularized methods such as the LASSO. We finally show that combination of
data trained using CALGB 90401 and CALGB 80303 perform better than either model alone.
This suggest non overlapping genetic architecture between drug-context-specific factors and
primary hypertension genetic risk factors. Importantly our results should motivate the use

of statistical learning approaches in the clinic to improve patient care.
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APPENDIX A
FUNCTIONS

%%’ <— function(a, b) { paste(a, b, sep="") }

Figure A.1: Function to concatenate strings A simple yet essential function to concate-
nate strings
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1peer.calec <— function (expr, n.fac) {

2 # calculate PEER factors for m x n matrix
3 # 1n>m

i« cat(” Calculating PEER factors... \n”)

5 require (peer)

¢ model = PEER()

7 PEER_setPhenoMean (model , as. matrix (expr))
s dim (PEER_getPhenoMean (model))

o PEER_setNk (model,n. fac)

1o PEER_getNk (model)

11 PEER_update (model)

13 factors = PEER_getX (model)
14 rownames (factors) = rownames(expr)
15 return(factors)

16 }

Figure A.2: Function for calculating PEER factors This function was used to calculate
PEER factors in Chapter 2. This function automatically computes PEER factors for an an
m X n matrix where n is much larger than m. This is ideally suited for gene expression and
genotype matrices who tend to have more features than observations.
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make. manhattan <— function (SNP.man,CHR.man,BP.man,P.man,

subset=NULL, colpal="Set2” ,
offset .x=0.5,
offset .y=0.5) {

# make a nice manhattan plot

require (RColorBrewer)

require (ggplot2)

require (plyr)

fhs .man = data.frame (SNP=SNP.man,
CHR=CHR.man,
BP=BP.man,
——]og10 (P.man))
getPalette = colorRampPalette (brewer.pal (9, ”Setl”))
color.vec = getPalette (22)
color.dfr = data.frame(CHR=1:22, cl=color.vec)
fhs .man = join (fhs .man, color.dfr, by = "CHR”)

manbp = fhs.man$BP

manbp = manbp / 10" nchar (manbp)
manbp = fhs.man$CHR + manbp

fhs .man$BP = manbp

fhs .man = fhs .man[order (fhs.man$BP) ,]

p = ggplot (fhs.man, aes(x=BP, y=P, color=factor (BP)))
p = p + geom_point ()
p p +

scale _color —manual (

values=as.character (fhs .man$cl))
p = p + geom_hline (yintercept=min(fhs.man$P))
p = p + scale _x_continuous (minor_breaks = seq(1:22),
breaks = seq(1:22))
if (!is.null(subset)) {
p = p + annotate (" text”,
x=min (fhs .man$BP)+abs ((min (fhs .man$BP) )xoffset .x)
y = min(fhs.man$P)—(min(fhs .man$P)*xoffset .y),
label = subset, size =4)

p + ylab(”—logl0 (p—value)”)
= p + xlab (” Chromosome”)
=p+

p +

theme bw ()
theme (legend . position="none”)

holioBucoRuoR o
|

return (p)

Figure A.3: Function to create Manhattan plot This function was written for making
manhattan plots in Chapter 2. The plot is based on the ggplot2 to R package. The function
is convenient because if you supply the chromosome of the SNP and the base position, the
order of the SNP-p-value results are done automatically. Futhermore there is an option to
include only subsets of SNPS, for example FDR < 0.05.
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imediation. test <— function (mv,iv ,dv,cv)
i
# https://github.com/cran/bstats/blob/master /R/mediation .R
1 # modified to include covariates
5 ## mx: mediation variable
6 F# iv: indep. variable
7 ## dv: dep. var.
s if (any(is.na(mv)))stop(” Mediator contains missing value(s)”)
o if(any(is.na(iv)))stop(”Mediator contains missing value(s)”)
0 if(any(is.na(dv)))stop(”Mediator contains missing value(s)”)
11 nmm = length(mv); ni = length(iv); nd = length (dv);
12 if (nom!=ni | nm!=nd | ni!=nd) stop(” Variables have different lengths.”)
13 tmp = summary (lm(mv™iv));
14 a = tmp$coef[2,1];sa=tmpScoef[2,2];
15 tmp = summary (lm (dv mv+iv));
16 b = tmp$coef[2,1];sb=tmpS$coef[2,2];
17 tmpl = b"2xsa"2+a"2x%sb"2
15 tmp2 = sa 2xsb”2
19 zsob = axb/sqrt (tmpl);
20 psob = pnorm(—abs(zsob))*2;
21 zaro = axb/sqrt (tmpl+tmp2) ;

<

~— <

2> paro = pnorm(—abs(zaro))x2;
23 if (tmpl>tmp2) {

24 zgm = a*b/sqrt (tmpl—tmp2)
25 pgm = pnorm(—abs (zgm) ) 2;

26} else {

27 zgm = NA
28 pegm = NA;
29 }

30 p.value = c¢(psob,paro,pgm)

31 z.value = c(zsob ,zaro ,zgm)

32 out = data.frame(rbind (z.value ,p.value));
35 names(out) = c(”Sobel” ,” Aroian” ,” Goodman” )
34 out

Figure A.4: Function for mediation analysis This function was adapted to include co-
variates in mediation analysis. The inclusion of covariates makes this function very practical.
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get.ncbi.snp.info <— function (results.table) {

# annotate snps
require (NCBI2R)
require (plyr)
snp.list .uniq = unique (as.character (results.table$SNP))
rdf = GetSNPInfo(snp.list .uniq)
colnames (rdf) [1] = ”SNP”
rdf$SNP = as. factor (rdf$SNP)
res.anno = join(results.table, rdf, by = "SNP”)
res.anno = res.anno|order(res.anno$p.value) ,]
return (res.anno)
}

Figure A.5: Function for annotation of basic SNP information in R This function
was used for the annotation of basic SNP information in Chapter 2. This is an application of
integrating external online databases to annotated SNP information one might be working
with.

gwas.anno <— function (snp.anno) {
# annotate results with GWAS results
require (NCBI2R)
bb<—GetPublishedGWAS ()
out.gwas = data.frame ()
for (i in 1:length (snp.anno$SNP)) {
cat (”Search”, i, ”\n”)
snp.temp = snp.anno$SNP |1 ]
snp.grep = bb[grep (snp.temp, bb$SNPs) ,]

if (dim(snp.grep)[l] = 0) {
tempdf = data.frame(disease="NA"  gwaspval="NA")
out.gwas = rbind (out.gwas, tempdf)
1 oelse {
concat.id = paste(snp.grep$DiseaseTrait, collapse = 7,7)
concat.st = paste(snp.grep$pValue, collapse = 7,7)
tempdf = data.frame(disease=concat.id, gwaspval=concat.st)
out.gwas = rbind (out.gwas, tempdf)
}
}
snp.anno = chind(snp.anno, out.gwas)

return (snp.anno)

}

Figure A.6: Function for annotation of GWAS information in R This function was
used for the annotation of GWAS SNP information in Chapter 2. This function is useful for
annotating the results of a GWAS study by seamlessly connecting to external NCBI data
sources.
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1glmnet . select <— function (response, covariates, nrep.set = 11
2 nfold.set = 10, alpha.set = 1){

3 # as nrep.set goes to \infty the choice of lambda becomes very stable
a2 # convenience function to select best lambda over cv

5 # bootstraps for model linear

)

7 require (glmnet)

s best.lam.sim = vector ()

o best.cvm.sim = vector ()

0 for (i in 1l:nrep.set) {

11 glmnet. fit = cv.glmnet(covariates, response,

12 nfolds = nfold.set, alpha = alpha.set)

13 new.df = data.frame(glmnet. fit $cvm, glmnet. fit $lambda,

14 glmnet. fit $glmnet. fit $df, 1:length (glmnet. fit$lambda))

15 best .lam = new.df[which.min(new.df[,1]) ,] # needs to be min or max
depending

16 # on cv measure (MSE min, AUC max, ...)

17 cvim. best = best.lam[,1]

s nrow.max = best.lam|[,4]

19 best .lam.sim[i] = nrow.max

20 best.cvin.sim[i] = cvm. best

21 }

23 cvm.avg = mean(best.cvm.sim) # average cvm
24 mnrow.max = as.integer (round (mean(best.lam.sim))) # best lambda over

25 # cv bootstraps
26 ret <— as.data.frame(glmnet. fit$glmnet. fit$beta[,nrow.max])
27 ret[ret = 0.0] <— NA

25 ret.vec = as.vector(ret[which(!is.na(ret)),]) # vector of non—zero betas
20 names(ret.vec) = rownames(ret)[which(!is.na(ret))]
30 output = list (ret.vec, cvm.avg)

32 cat(”avg cvm —>”, cvm.avg, ”"lambda iteration —>”, nrow.max, ”with”,
33 length (ret.vec), "effective degrees of freedom \n”)

34 gc()
35 return (output)

Figure A.7: Stable selection of the regularization parameter \ in the LASSO This
function was used for the publication Gamazon et al. 2015. This function uses the R package
glmnet to create a stable choice of the . It does this by fitting the regularized model via
cross-validation n-times, and then averages the choice of A\. Here we assume that the choice
of A will remain stable as n becomes very large.
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tkrigr _cross_validation <— function(corlist , pheno.df, pheno.name,

2 Xcovamat = NULL, H2vec, nfold = 10,
3 ncore = "all”) {

1+ source (’R/okriging .R”)

5 ## dependencies

¢ require (doMC)

s ## split into groups based on the number of cores available
9 sample.ids <— pheno.df$IID
10 n.samples <— length (sample.ids)

12 ## detect cores

15 if (ncore = 7 all”) {

14 ncore <— detectCores ()

15 registerDoMC ( cores = ncore)
16 } oelse {

17 registerDoMC ( cores = ncore)

18 }

20 F# set n—fold

1 if(nfold = "LOOCV”) {

2 nfold <— n.samples

23 } else if(is.numeric(nfold)) {
1 nfold <— nfold

25 } else if(nfold = "ncore”) {
6 nfold <— ncore

27 } else {

28 nfold <— 10

29 }

31 #H print core and fold numbers
32 W%’ <— function(a, b) paste(a, b, sep="")

51 if (nfold = "LOOCV”) {

35 print (’Set leave—one—out cross—validation ... ")
36 } else {
37 print ('Set '%&% nfold %&%’x cross—validation ... )

38 }
s  print ("With %% ncore %%’ logical cores...’)

42 FH# create groups

groups <— l:nfold

i+ rand.groups <— sample(groups, n.samples, replace=T)
15 group.df <— data.frame(rand.groups, sample.ids)

6 colnames (group.df) <— c(”group.id”, "sample.id”)

s print (’Running OmicKriging ... )

Figure A.8: Part 1 of a function which computes cross-validated OmicKriging This
is a convenience function for cross-validated multi-threaded prediction using the packing
OmicKriging. This function is especially efficient as it makes uses of the specified number
of cores on the user’s machine. 73



## running kriging routine on each core for each testing group
time <— system.time (
res <— foreach(i = 1:nfold, .combine = rbind) %dopar% {

## separate test/train for round i of the cross validation
test.set <— group.df$sample.id[group.df$group.id = 1i]
train.set <— group.df$sample.id[! (group.df$sample.id %in% test.set)]

## run kriging
if (!is.null (Xcovamat)) {
okriging (idtest = test.set, idtrain = train.set, corlist = corlist ,
H2vec = H2vec, pheno = pheno.df, phenoname = pheno.name, Xcova =
Xcovamat )

} else {
okriging (idtest = test.set, idtrain = train.set, corlist = corlist
H2vec = H2vec, pheno = pheno.df, phenoname = pheno.name)

}
}
)

ge ()

Figure A.9: Part 2 of a function which computes cross-validated OmicKriging This
is a convenience function for cross-validated multi-threaded prediction using the packing
OmicKriging
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## summary
if (length (unique (res$Ytest)) = 2) {
auc <— function (predtype, phenotype){

require (ROCR)
pred <— prediction (predtype, phenotype)
perf <— performance (pred, ”auc”)
aucval <— perf@y.values
return (aucval)

}
print (’Summary of binary phenotype... )
print (’Area under the ROC curve: %% auc(res$Ypred,res$Ytest) W% ... ")
sum <— summary (glm (Ytest ~ Ypred, data = res, family = binomial))
print (sum)
} oelse {
sum <— summary (Im(Ytest =~ Ypred, data = res))
print (sum)

}

print (’Finished OmicKriging in '%&% time [3] %%’ seconds’)
return (res)

Figure A.10: Part 3 of a function which computes cross-validated OmicKriging
This is a convenience function for cross-validated multi-threaded prediction using the packing
OmicKriging
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1okriging <—
function (idtest ,idtrain=NULL, corlist , H2vec, pheno ,phenoname , Xcova=NULL) {
> idtest <— as.character (idtest)
3 idtrain <— as.character(idtrain)
14 nt <— length(idtest)
5 nT <— length(idtrain)
¢ indall <— c(idtrain ,idtest)
7 if (length (unique(idtest))!=nt) warning( 'repeated test ids’)

s if(length (unique(idtrain))!=nT) warning( 'repeated train ids’)

o if(length(intersect (idtest ,idtrain)>0)) warning(’test id in training set’)

1 if (sum(H2vec<0) | sum(H2vec)>1) stop(’ sum of weights > 1 or negative
weights 7)

11 ## compute correlation matrix

12 if (length (corlist)!=length (H2vec)) stop( number of correlation components
(length (H2vec)) != number of corlist )

13 id <— diag(rep(l,nt+nT)) ## identity matrix

1« Sigmall <— id * (1 — sum(H2vec))

15 for(cec in 1l:length(corlist)) Sigmall = Sigmall + H2vec[cc] =
corlist [[cc]][indall ,indall]

16 ## row and colnames of cor should be IID

17 if (sum(c(idtest ,idtrain) %in% rownames(Sigmall))<(nt4+nT)) stop (’some
correlations are missing’)

18 ## if no covariates, use intercept

19 Xtest <— matrix(1,1,nt)

20 Xtrain <— matrix (1,nT,1)

21

22 if (!is.null(Xcova)) {

23 Xtest <— rbind (Xtest ,matrix(t(Xcova[idtest ,]) ,ncol(Xcova) ,nt))
24 Xtrain <— cbind (Xtrain ,as.matrix(Xcova[idtrain ,]))

25 }

26

27 Ytrain <— pheno[idtrain ,phenoname]

28

2 ## iSig

s0  1Sig <— solve( Sigmall [idtrain ,idtrain] )

31

32 ctvec <— matrix(Sigmall[idtest ,idtrain],nt,nT ) ## correlation between new

id and old id (nT x nt)

33 cvec <— t(ctvec)

31 mtvec <— (t(Xtest) — ctvec %% iSig %% Xtrain) %% solve( t(Xtrain) %%
iSig %+% Xtrain)

35

36 lambt <— (ctvec + mtvec %% t(Xtrain)) %«% iSig

37 Ypred <— lambt %% Ytrain

35 Ytest <— pheno[idtest ,phenoname]

30 res <— data.frame(IID=idtest ,Ypred, Ytest)

10 rownames(res) <— idtest

a1 return(res)

i}

Figure A.11: Main OmicKriging Function This is the primary function used for OmicK-
riging in Chapter 3
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imake_grm <— function (gdsFile = NULL, grmFilePrefix = NULL, snpList = NULL,
sampleList = NULL) {

> require (gdsfmt)

3 require (SNPRelate)

4+ source('R/rcppcormat.r’)

5 source( 'R/grm_io.R7)

7 genofile <— openfn.gds(gdsFile)

s F# pull an integer dosage matrix from the GDS. Rows are samples, columns
are SNPs, and missing values are int 3.

9 X <— snpgdsGetGeno(gdsobj = genofile , sample.id = sampleList, snp.id =
snpList , verbose = FALSE)

10 ## set missing values (int 3) to properly missing

1 X[X = 3] <~ NA

12 ## z—normalize matrix (sweep out column means, and divide out column
standard deviations)

13 X <— scale(X, center = TRUE, scale = TRUE)

14 ## set missing values to new column mean, i.e. 0.0

15 X[X:NA] <— 0.0

16 grm <— rcppcormat (t(Xbar))

17

15 ## pull sample IDs unless a sample list is specified

1o if(is.null(sampleList)) {

20 sample.ids <— samplelList

21} else {

22 sample.ids <— read.gdsn(index.gdsn(genofile , ?sample.id”))
23}

24

25  ## annotate columns and rows with sample IDs
26 colnames (grm) <— sample.ids
27 rownames(grm) <— sample.ids

29 ## write out the GRM if a file is specified

30 if( lis.null(grmFilePrefix) ) {

31 writeGRMBin (X = grm, prefix = grmFilePrefix)
32 }

34 return (grm)

Figure A.12: Function which computes the genetic relatedness matrix This a func-
tion which computes a genetic relatedness matrix (GRM).
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rcppcormat <— function (snpmat) {
## require
require (Repp)
require (ReppEigen)
require (inline)
## rcpp
crossprodCpp <—
using Eigen ::Map;
using Eigen :: MatrixXi;
using Eigen :: Lower;

)

const Map<MatrixXi> A(as<Map<MatrixXi> >(AA));
const int m(A.rows()), n(A.cols());
MatrixXi AtA(MatrixXi(n, n).setZero().
selfadjointView <Lower>().rankUpdate (A. adjoint ()));
MatrixXi AAt(MatrixXi(m, m).setZero ().

selfadjointView <Lower>().rankUpdate (A) ) ;
return List :: create (Named(” crossprod (A)”) = AtA,
Named (” tcrossprod (A)”) = AAt);

## compile the cross product function
cpepp <— cxxfunction (signature (AA="matrix”), crossprodCpp,
plugin="RcppEigen” , verbose=FALSE)
cormat <— cpcpp (snpmat)
## post work
cormatdiag <— diag(cormat)
cormat <— sweep (cormat, 1, cormatdiag, ”/")
cormat <— sweep(cormat, 2, cormatdiag, /")
return (cormat )
}

Figure A.13: Function which computes a covariance matrix using RCpp This func-
tion uses Repp to compute a covariance matrix which is sourced in Figure A. This function
was developed because the current implementations for cross products in R are several orders
slower than C++ implementations.
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1gg_qqplot _big = function(xs, ¢i=0.95, subset.value=NULL, sort=TRUE,

N

thin=NULL, verbose=TRUE)
# Fork of https://gist.github.com/slowkow/9041570.
require (ggplot2)

if (!is.numeric(xs)) {

stop (”data are not numeric”)
N = length (xs)
if (sort) {

xs = sort (xs)
}

d.f = data.frame(observed=logl0(xs),
expected=logl0 (1:N / N),

cupper=logl0 (gbeta(ci, 1:N, N— I:N + 1)),
clower=1logl0 (gbeta(l — ci, 1:N, N— 1:N 4+ 1)))
ge ()
if (thin) {

if (is.numeric(thin)) {
d.f.top = d.f[which(d.f[,1] >= —logl0(thin)) ,]
d.f = d.f[which(d.f[,1] < —logl0(thin)) ,]
ge ()

samp. size = length (rownames(d.f.top))
ids .thn = sample (rownames(d.f), samp.size, replace = FALSE)
names (ids.thn) = ids.thn

d.f =d.f[intersect (names(ids.thn), rownames(d.f)) ,]
d.f =d.f[order(d.f[,1]) ,]
d.f = rbind(d.f.top, d.f)
rm(d.f.top)
ge ()
} oelse {
stop (”thin is not numeric”)

Figure A.14: Big Data QQ-Plot Part 1 This is a function for creating ggplot2 quantile
quantile (QQ) plots for a large number of comparisons. This may be required if for example
your system cannot fit all p-values into memory to generate the plot. This function takes
a vector of p-values and rather than conventionally plotting all points, it uses a threshold
to plot large pvalues as a line and small p-values as points. This allows the QQ plot to be
small in file size and easy to compute.
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Figure A.15: Big Data QQ-Plot Part 2 This is a function for creating ggplot2 quantile
quantile (QQ) plots for a large number of comparisons. This may be required if for example
your system cannot fit all p-values into memory to generate the plot. This function takes
a vector of p-values and rather than conventionally plotting all points, it uses a threshold
to plot large pvalues as a line and small p-values as points. This allows the QQ plot to be

logl0Pe = expression(paste (”Expected —log”[10], plain(P)))
logl0Po = expression (paste(”Observed —log”[10], plain(P)))

if (verbose) {
cat (" generating graphic... \n”)
}

ge ()

p = ggplot(d.f)
if (is.null(subset.value)) {
p = p + geom_point (aes (expected, observed), shape=1, size=3)
}oelse {
if (!is.numeric(subset.value)) {
stop (”subset value is not numeric”)

}

if (subset.value < min(xs) | subset.value > max(xs)) {
stop (”subset value is not within range”)

}

llarge = —logl0 (subset.value)

p = p + geom_point (data = subset(d.f,expected>llarge |observed>llarge),
aes (expected , observed), shape=1, size=3)

p = p + geom_line (data = subset (d.f,expected<=llarge |observed<=llarge),
aes (expected , observed))
}
p = p + geom_abline (intercept=0, slope=1, alpha=0.5)
p = p + geom_line (aes(expected, cupper), linetype=2)
p = p + geom_line (aes(expected, clower), linetype=2)
p = p + xlab(logl0Pe)
p = p + ylab(logl0Po)
p = p + theme bw()

return (p)

small in file size and easy to compute.
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